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Abstract 
Reducing emissions from deforestation and forest degradation (REDD+) is a global climate change 
mitigation initiative under negotiation by the United Nations Framework Convention on Climate 
Change (UNFCCC). This initiative provides financial incentives to developing countries for 
enhancing carbon stocks in their forests by abstaining from deforestation and forest degradation, 
which would lead to emission of CO2 into the atmosphere. To implement a REDD+ project, 
developing countries need to measure and monitor anthropogenic changes in their forests and as well 
as forest carbon to account for CO2 emissions and removals from such changes. It is also important 
to predict future scenarios of forest/landuse changes and to identify the areas at risk of changes so 
that appropriate conservation initiatives can be taken. Bangladesh is steadily progressing through its 
REDD+ roadmap. However, several key research issues still to address include: using remote sensing 
technology to detect deforestation, forest degradation and associated changes in forest carbon stock, 
and predict future forest/land-use pattern at local environmental setting.  
This study developed and evaluated approaches to detect the extent of historic (1995-2015) 
deforestation and forest degradation (Objective 1), to estimate the emissions of forest aboveground 
carbon due to deforestation and degradation activities (Objective 2), and to assess the future scenarios, 
driving forces and risk of deforestation and forest degradation (Objective 3) at Raghunandan Hill 
Reserve in north-eastern Bangladesh using a combination of satellite and field-level data employing 
various geospatial, statistical and modeling tools.  
The thesis comprises seven chapters. The significance and background of the research along with 
aim, objectives, research questions and available literature on the topic were described in chapter 1, 
2 and 3.  
Chapter 4 dealt with the first objective, where changes of forest areas to non-forest areas and one 
forest strata to another during 1995-2015 were detected with high accuracy (>90%) by applying 
Monte-Carlo spectral unmixing algorithm to Landsat images, followed by knowledge-based 
classification approach. The classification was verified using independent randomly drawn reference 
sample points using high-resolution Google Earth images. A post-classification comparison method 
was applied to quantify the spatial extent, location and rate of changes of forest classes by generating 
transition matrices.  
In chapter 5, emissions of carbon (t CO2e yr-1) from deforestation and forest degradation activities 
during 1995-2005 and 2005-2015 periods at Raghunandan forest were estimated using Landsat 
satellite and field-level biomass-carbon data applying regression analysis and geospatial techniques 
with acceptable accuracy. The accuracy of the estimate was verified using root mean square error 
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(RMSE) of estimated carbon with field reference carbon. Results indicated that, during 1995-2005, 
the total estimated emission was 4589 tonnes (t) CO2e yr-1 from deforestation and 704 t CO2e yr-1 
from degradation, and during 2005-2015, 2981 t CO2e yr-1 from deforestation and 886 t CO2e yr-1 
from degradation. Findings suggest that medium-resolution Landsat data has the application potential 
to quantify the levels of forest biomass-carbon emission at tropical forest conditions like 
Raghunandan in Bangladesh. 
Chapter 6 predicted scenarios and risks of forest changes by 2025 and 2035, with respect to the spatial 
biophysical driver variables, using a multilayer perceptron neural network (MLPNN) with the Markov 
Chain machine learning algorithm. Some of the driver variables were the derivatives of 30m-resolution 
Digital Elevation Model of the study area, while others were created employing geospatial technique 
on the Landsat image other spatial data. Results revealed that the forest area at Raghunandan is likely 
to increase slightly by 2025 and 2035, covering nearly 40% of the reserve, which was 30-35% in 
2015. Landsat images, along with other spatial variables, detected the transitions of forest/land-use 
classes and the associated risk of transition for each 30m pixel. The findings can be useful in 
identifying areas vulnerable and at risk of future deforestation and forest degradation so that 
conservation measures can be prioritized. 
The approaches presented in this thesis were useful to derive accurate and detailed information 
regarding deforestation and forest degradation, forest carbon and its emissions, and simulating the 
future scenarios and risk of forest conversion at Raghunandan Hill Reserve at the local scale. The 
approaches, methods and findings of the present investigation could be beneficial for the forestry and 
environmental professionals, decision-makers, the scientific community, planners and after all forest 
and natural resources managers. This thesis addressed three main practical research issues for 
implementing any REDD+ project, showing the approaches may be successfully applied to other 
forests of Bangladesh that are under consideration for REDD+ including Raghunandan.  
Linking field-measured biomass-carbon with the medium resolution Landsat data to estimate 
emission factors and emissions was a challenge. Further studies can investigate if a better relationship 
can be obtained using high resolution images to ensure higher accuracies in the estimates. Besides, 
due to time constraints, this research could not substantiate the uncertainties in the estimates of 
emissions factors and emissions of carbon. Further investigations can provide the level of 
uncertainties in the estimates in the form of 95% confidence interval about the mean.  
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 Deforestation and forest degradation in Bangladesh 
Deforestation and transformation of earth’s surface cover is not a recent phenomenon and is 
considered to be as old as the human occupancy on earth (Williams 2002). Deforestation increased 
since the agricultural revolution on earth some 10 000 to 12 000 years back (Mena 2001). From 2000 
to 2010, over ten years period, 130 million hectares (ha) of world’s natural forests were lost at a rate 
of 1.3% against a net gain of 78 million ha of plantation forests (FAO 2010a). Bangladesh, a 
developing country of South-East Asia, has 14.4 million hectares of the total geographic area, of 
which 2.52 million ha (17.08%) is forest land (BFD 2007). Forests of Bangladesh suffered from 
extensive degradation of forest resources and significant changes in land cover (Islam & Sato 2012). 
Over the past decades, most of the natural high-forests of Bangladesh have been extensively 
deforested and altered (Choudhury & Hossain 2011; Gain 2002). As for example, nearly forty years 
ago, Sal (Shorea robusta) forest, a tropical moist deciduous forest located at the central and north-
western Bangladesh, had nearly 70% forest cover while during 2002s it declined to 13.4% (Safa 
2004). Ecologically, nearly all of the natural forests of Bangladesh have become degraded as they 
have lost the suitability as habitats to support arboreal mammals and other wildlife (Biswas & 
Choudhury 2007). Over-exploitation and excessive use of forest resources, population booming, 
conversion of forest-land to agriculture and other commercial uses, increased demand of fuel and 
energy, shortage of places for dwelling houses and unplanned urbanization have led to massive 
deforestation and degradation of forest resources in the country (Alam et al. 2008; Safa 2004).  
Deforestation and forest degradation (DFD) are two human-induced activities which cause 
Greenhouse gases emissions to the atmosphere. DFD is the second largest anthropogenic contributor 
to atmospheric Greenhouse gases emissions after fossil fuel burning (van der Werf et al. 2009). 
Anthropogenic changes of the earth surface, including land use change and DFD are responsible for 
17-29% of the total atmospheric Greenhouse gases emissions (Madeira 2008; van der Werf et al. 
2009). Forests have capacities to sequester an extensive amount of carbon in their biomass and soils. 
The Intergovernmental Panel on Climate Change (IPCC), an international body of scientists under 
the auspices of United Nations (UN) for assessing climate change, particularly specifies five different 
carbon pools; aboveground biomass, below-ground biomass, dead wood, litter and soil organic matter 
(Engel, Hobi & Zabel 2010; VCS 2008). When forests are degraded or converted to other land-uses, 
retained carbon is released to the atmosphere as carbon-di-oxide (CO2) and other Greenhouse gases and 
finally contribute to the climate change.   
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 REDD+, a global emission reduction initiative 
Reducing emissions from deforestation and forest degradation (REDD+) is a global post-Kyoto 
climate change mitigation initiative under negotiation by the United Nation’s Framework Convention 
on Climate Change (UNFCCC) since 2005. The REDD+ scheme is to provide monetary incentives 
to the developing countries from public, private and carbon market sources for enhancing carbon 
stocks in their forest trees by abstaining from DFD activities which would lead to Greenhouse gases 
emission into the atmosphere (Ball & Makala 2014; Engel, Hobi & Zabel 2010). The funds would be 
obtained from the industrialised countries (Annex I countries) as compensation from emission or from 
an offset market and managed by international bodies like World Bank or UN (Engel, Hobi & Zabel 
2010). REDD+ is the latest emerged climate change mitigation mechanism, with the potential to 
greatly reduce carbon emissions from DFD activities after the Kyoto-Protocol agreement (1997) of 
UNFCCC. Decisions on REDD+ was adopted in the 13th Conference of the Parties of UNFCCC in 
2007 in Bali, Indonesia. However, the REDD+ was officially adopted by the parties in 2010 in Cancun 
agreement (UNFCCC 2011). 
REDD+ is considered to be more cost-effective in comparison to other climate change mitigation 
measures. Apart from contributing to reducing emissions, REDD+ has the potential to address other 
important societal goals like poverty alleviation, biodiversity conservation, and sustaining vital 
ecosystem services (Engel et al., 2010).  It has emerged as a collaborative approach between 
developed and developing countries to combat climate change (Hossain & Mokhtar 2011). If REDD+ 
succeeds, it will be an effective instrument to safeguard the remaining forests of the world as carbon 
reservoirs (Ball & Makala 2014). 
 Research Problem 
Bangladesh is one of the most vulnerable countries to the impacts of climate change (CRI 2018). 
UNFCCC described two types of responses to climate change; mitigation of climate change by 
reducing Greenhouse gases emissions and enhancing carbon sinks, and adaptation to the impacts of 
climate change. Forests of the world are important terrestrial carbon sinks. REDD+ is an option for 
developing countries like Bangladesh to conserve forests better locally and contribute to climate 
change mitigation goals globally (Larson & Petkova 2011). REDD+ created the opportunity for 
developing countries to obtain a significant amount of monetary benefit (over US$ 100 billion per year) 
(Holmgren 2010), which can be utilised for local forest conservation (Berry et al. 2009).  
The REDD+ mechanism has currently evolved as an important topic of scientific research in the fields 
of climate change mitigation and forest conservation (Miah 2012; Skutsch et al. 2007). Interest and 
awareness of the developing countries to get through the REDD+ mechanism is increasing. Several pilot 
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REDD+ projects have been established in countries across tropics (> 80%) and subtropics (Carlson & 
Curran 2009; Forest Carbon Portal 2014). Bangladesh is progressing with its REDD+ readiness 
initiatives in a coordinated and planned way (Ara, 2013). The government of Bangladesh (GOB) has 
already established the required institutional arrangement to facilitate REDD+ preparedness including 
a REDD+ cell (UN-REDD Bangladesh, inaugurated in 2016), a national steering committee, a 
working group on safeguards, and strategies on accomplishing monitoring, reporting and verification 
(MRV) of forest carbon.  
Several studies demonstrated the potential of Bangladesh forests to be under REDD+ projects and 
highlighted the benefits that can possibly be achieved through its implementation (Shin, Miah & Lee 
2007; Shin, Miah & Lee 2008). However, limited attention was given to some important technical 
aspects of REDD+, including the accomplishment of MRV, which is the most important part of a 
REDD+ project (Holmgren 2010). Payment of the REDD+ programme is dependent on the 
performance of the countries to develop a cost-effective, robust and compatible systems for MRV 
(Engel et al., 2010). Countries have obligations to prepare national-level data on emission reduction 
of carbon following minimum standards, e.g. the IPCC good practice guidelines (IPCC 2003b). IPCC 
recommends that MRV should be completed by coupling field inventory with satellite data to 
ultimately establish the reference emission levels (Engel et al., 2010). Literature review shows that 
scientific studies undertaken applying remote sensing technology following the recommended IPCC 
guidelines to measure and monitor change in forest biomass-carbon stock and corresponding 
emissions or removals of carbon through DFD activities are rare in Bangladesh (Islam & Sato 
2012)(Miah, 2012). Furthermore, estimation of changes in forest biomass-carbon due to land-use 
change requires quantification of DFD in the first place. The key elements of quantification of DFD 
includes mapping and monitoring the spatial and temporal patterns and rates of changes of forests. 
Remote sensing and geographic information system are the appropriate technologies for doing that, 
which is recognized throughout the world (Islam 2007). While monitoring deforestation using remote 
sensing technology is relatively straightforward, monitoring forest degradation is equally challenging 
(GFOI 2014). To the best of knowledge, studies assessing both components of DFD using remote 
sensing technology in accordance with the IPCC recommendations are not found in Bangladesh. This 
study provides a practical demonstration of the IPCC recommended remote sensing approaches to 
accurately measure and monitor the process of DFD, changes in forest carbon stock and emissions of 
carbon at Raghunandan Hill Reserve in Bangladesh. 
DFD (and subsequent changes in forest carbon) is driven by anthropogenic and natural disturbances, 
and ecological processes (Dunning, Danielson & Pulliam 1992). As a large number of people in 
Bangladesh are dependent on forests for livelihood and income (Islam & Nath 2014; Khan & Rashid 
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2006), societal pressure on the forests are tremendous; thus, the anthropogenic disturbances are the 
key factors driving DFD. Assessment of DFD with respect to the driver variables are essential for 
REDD+ (Aguilar-Amuchastegui & Forrest 2013), as successful planning and implementation of a 
REDD+ project requires identifying areas at risk of both planned and unplanned future DFD (Aguilar-
Amuchastegui & Forrest 2013; Walker et al. 2013). After the amount of emission reductions for a 
forest is measured and verified, areas at risk of DFD are eligible to receive REDD+ payments 
(Aguilar-Amuchastegui & Forrest 2013). REDD+ activities can then be prioritized and targeted to 
the hotspot DFD zones (Aguilar-Amuchastegui & Forrest 2013). Moreover, linking the land-use 
change/DFD with the driver-variables has become an important focus of scientific research (Ellis & 
Porter-Bolland 2008; Lorena & Lambin 2009). Studies concerning the assessment of the future 
patterns and risks of DFD with respect to driver variables in the context of the REDD+ are also rare 
in Bangladesh. However, this aspect of REDD+ is important and needs to be studied scientifically. 
This study aimed at developing approaches for estimating level of DFD and corresponding emissions 
of carbon at Raghunandan Hill Reserve, a local degraded forest in greater Sylhet region in 
Bangladesh. However, as a pioneer REDD+ study in Bangladesh, the developed approaches and 
findings may have significant implications to understand the overall performance and applicability 
of the processes to other forests of Bangladesh. For example, significant areas in Chittagong and 
Chittagong Hill Tracts are severely degraded due to anthropogenic disturbances, which are currently 
classified as barren hills and wasteland (Nishat & Biswas 2005; Rasul 2007; Salam, Noguchi & Koike 
1999). REDD+ has the potential to retard further degradation in those areas (Miah, 2012). However, 
the feasibility of availing the REDD+ opportunity in those areas is unexplored (Miah 2012). Current 
study is expected to fill the gap.  
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 Aims and objectives 
This study aims to establish and test approaches for remote sensing deforestation and forest 
degradation, and changes in forest aboveground biomass-carbon at Raghunandan Hill Reserve, 
Bangladesh, using geospatial techniques. It also aims at assessing the driving forces and risks of future 
deforestation and forest degradation in the study area, which are crucial elements to prepare forest 
reference emission levels (RELs)/reference levels (RLs) for a REDD+ project.  
To achieve the aims and address the knowledge gaps highlighted above, this research sets the 
following specific objectives to achieve: 
1. To quantify the spatiotemporal patterns and rates of deforestation and forest degradation 
(also called ‘activity data’ in REDD+ terms) during 1995 to 2015 using satellite data. 
2. To estimate historical emissions of carbon (tCO2/year) due to deforestation and forest 
degradation using satellite and ground data. 
3. To predict the amount and risks of forest conversion (deforestation and forest degradation) 
by 2025 and 2035 employing spatial modelling approach with respect to biophysical and 
human-activity variables. 
 Research questions 
With respect to the abovementioned three specific objectives, this study frames and addresses the 
following research questions: 
1. Where are the locations and what are patterns and rates of historic deforestation and forest 
degradation during 1995-2015 at Raghunandan Hill Reserve in Bangladesh? 
2. How much carbon is emitted to the atmosphere due to deforestation and forest degradation 
activities during 1995-2015 at Raghunandan Hill Reserve in Bangladesh? 
3. What are the scenarios and risks of deforestation and forest degradation by 2025 and 2035 
in relation to the current drivers/activities at Raghunandan Hill Reserve in Bangladesh? 
 Outline of the thesis 
This thesis comprises seven chapters, including three analytical chapters from three 
objectives/research questions. A conceptual diagram of the organization of the chapters in this thesis 
was presented in Figure 1-1. 
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Chapter 1: Introduction and significance of the research
-provides general background
-emphasizes the research significance
-outlines research aims and objectives
Chapter 2: Literature review and background
-reviews relevant literature
-explains the terms and concepts used in this research
Chapter 3: Research approach
-provides overall research approach
-describes overall methods and data
Chapter 4: Quantifying activity data for deforestation and   
                   forest degradation (DFD) in a Bangladesh forest
-quantifies the spatial pattern and rate of DFD
-provides accurate estimate of DFD
-shows feasibility of using Landsat data to detect DFD
Chapter 5: Quantifying emission factor and emission from DFD
-estimates average carbon density of forest strata
-estimates emission factor for each stratum
-estimates amount of carbon emission from DFD
Chapter 7: Conclusions and recommendations
-summarizes the findings
-provides directions for future research
-describes the contribution in knowledge
Chapter 6: Modelling future forest conversion and its risk
-simulates future scenarios of DFD in that forest
-estimates associated risk of forest conversion
-assesses the significance of the drivers of DFD
Objective 3
Objective 2
Objective 1
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Figure 1-1: A conceptual diagram of the structure of the thesis including main chapters and key 
findings 
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9 
 
 Overview 
This chapter summarizes the available literature on various concepts, themes, terminologies and 
procedures related to the study. The themes included summary texts on deforestation, forest degradation, 
REDD+, remote sensing forest biomass-carbon, emission factor, carbon emission, drivers of 
deforestation and forest degradation (DFD) in the contexts of Bangladesh. An extensive search of the 
literature using relevant search terms was done in the digital databases including ScienceDirect, 
Scopus, Web of Science, Cambridge Scientific Abstracts, Taylor & Francis, World Wide Science, 
WorldCat, Ingentaconnect Search, Google Scholar and Google. Journal articles, books, book 
chapters, government and institutional reports, and various locally and internationally published 
documents and webpages were the main output sources. The required literature, through a preliminary 
visual screening process, was selected and downloaded through the UQ library to the Endnote 
referencing software, read, organized, assessed, synthesized and used for the citation where 
necessary. 
 Explanations of terms and concepts 
Clarification of the definitions and concepts of terminologies used in this thesis is important to 
facilitate their measurement and understanding. In the following paragraphs, definitions and concepts 
of the frequently used terminologies have been discussed in sufficient details.  
 Forest 
Forest is defined as a biological assemblage of flora and fauna, generally dominated by woody 
vegetation. Forest is also defined as an ecosystem of living and non-living components which are in 
complete interactions with each other. All sorts of woody, non-woody and herbaceous vegetation, 
mosses, ferns, algae, fungi, and various kinds of fauna including mammals, birds, reptiles, insects, 
amphibians, and microorganisms form the living components of a forest; while soil, water and 
minerals of the environment form the non-living component of a forest.  
The above definitions of forest are from biological or ecological viewpoints. The REDD+ project 
requires defining the forests from the operational/objective point of views. Three 
operational/objective definitions of forest were given by the UNEP/CBD, UN-FAO and UN-FCCC 
IPCC.   
According to UNEP/CBD (UNEP/CBD 2001), the forest is a land area of 0.5 ha having more than 
10% tree cover which is not under primary agriculture or specific non-forest land use. In case of 
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climatologically suppressed areas or young forests, trees should be capable to reach 5 m height in situ 
with required canopy cover.  
According to FAO (FAO 2004), the forest is a land spanning more than 0.5 hectares with trees higher 
than 5 meters and a canopy cover of more than 10 percent, or trees able to reach these thresholds in 
situ. It does not include land that is predominantly under agricultural or urban land use. The FAO 
definition was also accompanied by six explanatory notes on what should be classed as forest and 
what not, as follows: 1) To be a forest, trees in an area should be dominantly present than other 
predominant land-use; 2) Areas which do not have minimum 10% canopy cover and 5 m high trees 
but expected to attain that by human intervention or naturally are to be classified as ‘understocked’ 
forest; 3) National parks, nature reserves and other protected areas having specific scientific, 
historical, cultural or spiritual interests, bamboo grooves, palms fulfilling minimum thresholds of 
canopy cover and height are to be classed as forest; 4) Plantations raised for protection purpose like 
rubber gardens, cork oak stands are to be included as forest; 5) Also, forest roads, windbreaks, 
firebreaks, shelterbelts and corridors of trees having an area > 0.5 ha and width >20 m are to be 
regarded as a forest; 6) However, tree stands in the agroforestry systems, trees in the urban parks and 
gardens are not to be considered as forest.  
Table 2-1: Comparison of the thresholds used in the definition of the forest by FAO and UNFCCC.  
In FAO definition, areas to be included or excluded as the forest is more detailed than UNFCCC’s 
 Minimum  
Definition 
given by 
Area (ha) Strip 
Width (m) 
Crown 
Cover (%) 
Tree  
Height (m) 
Exclusions 
FAO 0.5 20 10 5 Agroforestry trees, urban 
parks and gardens 
UNFCCC 0.05-1.0 None 10-30 2-5 None 
UNEP/CBD 0.5  None 10 5 None 
Modified from Lund (2009)   
IPCC-UNFCCC (2002) in the Marrakesh accord adopted in 2001 6th Conference of the Parties in 
Morocco defined forest as, an area of at least 0.05–1.0 ha of land with more than 10–30% canopy 
cover (or equivalent stocking level) with trees having potential to reach a minimum height of 2–5 m 
at maturity in situ, and may be either closed formations with stratified canopy and undergrowth or 
open forest. However, the 6th Conference of the Parties also noted flexibility in applying the percent 
of forest canopy cover to any figure within 10-100%, subjective to national circumstances. For 
example, in Brazil, a forest is defined as an area having more than 1 ha area with >30% canopy cover 
and at least 5 m high trees, while in Ghana, forest is an area having a minimum of 0.1 ha of land with 
15% canopy cover and at least 2 m high trees (Gilbert 2009). Values in the definition should only be 
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used when the canopy cover of forest falls below the nationally designated minimum percent of 
canopy cover for becoming a forest (Achard et al. 2007). For monitoring Greenhouse gases emissions 
from the forests, UNFCCC member countries are free to choose any threshold within the range from 
the definition as long as the same threshold is used in each reporting period (Lund 2009). 
Sasaki and Putz (2009) analysing forest inventory data of a Cambodian forest showed theoretically 
that larger sized trees could be logged-off to lose 59% carbon in the form of tree biomass and severely 
degraded but according to the definition of UNFCCC, that area still can be classified as forest with 
no change in carbon stock and forest cover. Under this scenario, there is the probability that forest 
institutions might claim carbon credit despite inflicting degradation/damage to forests, or people 
around can think the limit as a threshold and continue logging until it is reached. Forests may be 
severely degraded, but technically they will remain forests. To overcome these loopholes, they 
(Sasaki & Putz 2009) recommended to refix threshold of canopy cover to 40% and tree height to 5 
m, and natural forests should be differentiated from plantations in UNFCCC’s definition of forest. 
However, most countries now consider at least 30% canopy cover to define forest (Achard et al. 
2007).  
Deciding the definition of forest is important for undertaking the MRV of a REDD+ project. Although 
some researchers expressed concerns over few issues (like minimum thresholds of canopy cover, 
natural forest or plantation) in the definition of forest given by especially FAO and UNFCCC, these 
definitions can be considered as standard (Lund 2009). Especially, FAO/FRA definition of forest is 
established and widely used internationally (FAO 2009). These definitions can be used operationally 
in reporting DFD for a REDD+ project. But at the same time, it should also be noted that for a REDD+ 
programme, no single definition of the forest has been agreed under UNFCCC (GFOI 2014). For 
assessing deforestation and emission from forests, developing countries should define forest first and 
choose the minimum values of the area, canopy cover and tree height from the country-specific list 
provided in the Marrakesh Accord (FAO 2006a).  
 Deforestation 
In simple term, deforestation is the act of removing forest (Lund 2009). In forestry terminology, 
deforestation is the clear-cutting (of forest trees) or removal of forest stand or entire forest landscape 
where the forest land is ultimately put to non-forest use (SAF 2008). UNFCCC (2002) defines 
deforestation as the human-induced conversion of forested lands to non-forested lands (cropland, 
grassland, settlement, wetland or other land are possibilities in IPCC terms).  FAO (2001b) defines 
deforestation as the conversion of forest to other land use and reduction of canopy cover below 10% 
threshold. In these two institutional definitions, deforestation indicates the transition of the forest to 
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non-forest and is certainly associated with land-use change. In deforestation, forests are cleared-off 
(mainly by humans) for using the land for various other purposes. Therefore, in a nutshell, 
deforestation refers to the destruction or clear-cutting of the forest where forest (trees) no longer exists 
at all (all trees are gone). Human activities like logging of forest trees, conversion of forests to 
agricultural lands, slash and burn practice, urban and industrial development on forest lands, mining 
and mineral exploration among other cause forests to get deforested. Natural phenomena like wildfire, 
desertification, glacial action or avalanche, volcanic eruptions, tsunamis and cloudburst can lead to 
deforestation and forest destruction.  
In the context of REDD+, this study primarily focuses on the definition of deforestation provided by 
UNFCCC. As per UNFCCC, a land would be considered deforested (or have gone changed from 
forest to non-forest, e.g. agriculture, urban development) when areas of forest drop below the 
thresholds (in terms of area, canopy cover and tree height) provided in the definition of forest (GOFC-
GOLD 2014). However, where remote sensing change in forest cover (deforestation) is concerned, 
‘forest land’ and ‘forest cover’ should not be intermingled together to avoid confusion in their 
estimation and comparison of approaches, as  forest land without trees may be regarded as forest in 
forest inventories (e.g. by the Forest Department), but from a remote sensing perspective, the same 
land may be classified/regarded as non-forest (Birdsey et al. 2013). 
 Forest degradation 
Defining forest degradation technically and scientifically, and reaching a common approach of its 
measurement, is difficult. There is neither a globally accepted definition of forest degradation nor is 
an estimate of the amount of forests degraded globally (Heymell et al. 2011). Lund (2009) discovered 
more than fifty definitions of forest degradation defined by various organizations and persons for 
multifarious purposes. Published definitions of forest degradation are often too broad, non-
operational, inadequate and lack specificity for making a concrete decision (Thompson et al. 2013). 
An estimate of global forest degradation is absent in the latest global forest resource assessment report 
of FAO (FAO 2010a) due to lack of specificity or a workable definition. Many perceptions of 
degradation are based on local concepts. However, clarification of the concepts of forest degradation 
and fixation of the criteria and indicator for measuring and monitoring this phenomenon is important 
as it has social and environmental implications, e.g. in REDD+ project preparation.  
When degradation takes place in a forest, it is termed as a degraded forest. The literal meaning of 
degradation also applies to forest degradation. To ‘degrade’ means lowering the quality of anything 
or fall short of the normal standard. Hence, degradation is the deterioration/decline/negative change 
in the quality or productivity of forests to produce goods and services. Thus, forest degradation is the 
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process which reduces the quality of the forest resources, while a degraded forest is the result of 
degradation (state) (Lund 2009).  
FAO (FAO 2002) defines forest degradation as the reduction of the capacity of the forest to provide 
goods and services. FAO (FAO 2001b, 2006b) also defines forest degradation as the changes within 
the forest which negatively affect the structure or function of the stand or site, and thereby lower the 
capacity to supply products and/or services. According to CBD (2005), a degraded forest is a 
secondary forest that has lost, through human activities, the structure, function, species composition 
or productivity normally associated with a natural forest type expected on that site. According to the 
International Tropical Timber Organization (ITTO 2002), forest degradation refers to the reduction 
of the capacity of a forest to produce goods and services. According to IPCC (2003a), forest 
degradation is a direct human-induced long-term loss (persisting for X years or more) of at least Y% 
of forest carbon stocks (and forest values) since time T and not qualifying as deforestation or an 
elected activity under Article 3.4 of the Kyoto Protocol. Plainly, long-term reduction of tree crown 
cover towards but not exceeding the minimum threshold of the forest. 
 
Figure 2-1: Definitional relationship between deforestation and forest degradation. Adapted from 
Walker et al. (2013) 
None of the definitions of forest degradation is common to all and universally accepted. Moreover, 
in these definitions, a few words such as ‘structure’ and ‘composition’ are present, but their meanings 
were not properly clarified. The composition may be simple to understand, but the structure may have 
several dimensions like canopy structure, the age of growing stock, the diameter of trees, size of trees 
and development class (FAO 2011a). 
Factors which led to forest degradation are primarily human-induced (anthropogenic) which include 
legal or illegal selective logging, thinning, extensive fuelwood collection, and intense animal foraging 
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and pasturing. Several natural causes including frequent bush fire, cyclone and insect, parasite and 
disease attack can also cause degradation of forests. Both anthropogenic or natural disturbances do 
not remove the forest canopy entirely but deteriorate the carbon sequestration capacity of forests 
(Asner 2009b). Unlike deforestation, in case of which forests no longer exist, in degradation, forests 
exist, but it is not in good health in terms of its growing stock, species composition/diversity, habitat 
quality, capacity to supply goods and services, and after all ecosystem functioning. Thus, degradation 
is the impoverishment of the forest. In degradation, decrease or removal of forest (cover) may not be 
so much detectable, but it ends up with a gradual decrease in quality. For example, if a forest is 
defined with 30% canopy cover threshold, and if the canopy cover reduces from 80% to 20%, it 
should be considered and monitored as deforestation. However, if a forest is defined by 15% canopy 
cover threshold, reduction of canopy cover from 80% to 20% should be considered and monitored as 
degradation (Figure 2-1). 
 
 
Figure 2-2: Deforested and degraded hills at Raghunandan Hill Reserve (left) and in Chittagong Hill 
Tracts (right), Bangladesh 
Forest degradation is a silent killer of sustainable development, greatly affecting social, cultural and 
ecological functions, whose effects become evident slowly (Sasaki & Putz 2009). Measurement of 
forest degradation is necessary for several important implications like the restoration of degraded 
forest, sustainable forest management, conservation purposes, and reporting for international 
conventions, processes and incentive payment programmes mainly REDD+. But the concept of forest 
degradation across the world varies with drivers of degradation and products and services of prime 
interest derived from the forest (FAO 2011a). Different stakeholders perceive forest degradation 
differently based on their own objectives, as for example carbon sequestration, biodiversity 
conservation, soil conservation, timber production or recreation (FAO 2009). Most of the definitions 
mostly focus on the decline of biomass, productivity or biodiversity (FAO 2009). It is difficult to 
make a straightforward checklist of indicators of forest degradation. However, from twenty indicators 
which are used by many countries to assess forest degradation, FAO (2009) provided a checklist that 
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include (in descending order) density of growing stock, forest canopy cover, loss of biodiversity, 
dominance of invasive species, erosion, wildlife habitats and production of timber and non-timber 
forest products. Some other indicators are soil fertility, fire affected areas, the composition of species, 
forest fragmentation, the presence of pioneer species and water quality. Remote sensing technology 
can be efficiently and effectively used in detecting and monitoring changes in three important 
indicators of forest degradation; canopy cover, growing stock12 and biomass (FAO 2009). However, 
forest cover is the most readily observable indicator of forest degradation by remote sensing (DeFries 
et al. 2006). 
Table 2-2: A Recommended framework of criteria and indicators for defining and estimating forest 
degradation. Modified from Thompson et al. (2013) 
Criteria Indicator Variable(s) General data + method 
Production -Growing stock 
 
-Non-timber 
forest products 
 
Wood (m³/ha) 
 
Monetary value, 
number/yr 
Satellite images, LiDAR, 
field plots 
Country reporting, 
questionnaire survey 
Carbon 
storage 
-Stored carbon 
 
-High wood-
density trees 
species 
Biomass/ha 
 
Tree density, relative 
abundance 
Satellite images, field plots 
 
Field plots, aerial 
photography 
Biodiversity -Ecosystem state 
 
-Fragmentation 
 
-Species 
Area of specific forest type 
Area fragmented 
 
Presence/absence, 
population density, 
Relative abundance, 
indicator of 
abundance 
Satellite images 
 
Satellite images, aerial 
photography 
Aerial or field surveys 
Unusual 
disturbances 
-Invasive species 
 
 
-Fire 
Population density, area 
affected 
 
Area affected 
Satellite images, aerial 
photography, field surveys 
 
Satellite images, aerial 
photography 
                                                 
 
 
1 Stem volume of all living trees (or selected commercial species) of forest (per hectare) over 10 cm 
dbh, or above buttress if these are higher, measured over bark from stump to top of bole, excluding 
smaller branches, twigs, foliage, flower, seeds and roots. Growing stock/ha of a forest is obtained by 
dividing total growing stock by area of that forest or by forest type. It can be measured as stocking 
density (m3/ha), basal area (m2/ha) or total volume (m3).  
 
2 Living tree component of the standing volume measured in m3 overbark (IPCC, 2003). 
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Protective 
function 
-Soil erosion 
 
-Water volume or 
flow 
Area affected 
 
Flow rate 
Satellite images, aerial 
photography 
River or stream flow meters 
 Monitoring, reporting and verification (MRV), reference levels, activity data and 
emission factor in REDD+ 
To achieve the financial incentives for efficient carbon management, conceptualized and negotiated by 
the consecutive Conference of the Parties meetings of UNFCC over past years since 2005, countries are 
required to record, report and verify the amount of carbon in respective terrestrial sinks like forestry, 
agriculture and other land uses in a consistent, transparent, comparable, complete and accurate manner 
following guidelines (few mechanisms of which are yet to be agreed by all parties) prescribed by the 
IPCC (Havemann, Negra & Ashton 2009). These activities are meant and understood predominantly as 
MRV. Thus MRV stands in different ways for “measurement, reporting, and verification” and 
“monitoring, reporting, and verification (Havemann, Negra & Ashton 2009). However, GFOI (2014) 
considers, refereeing MRV to monitoring, reporting and verification are incorrect, rather it should be 
Measuring/Measurement, Reporting and Verification. Clearly, both measurement (i.e. accounting for the 
amount of carbon per unit area per unit time) and monitoring (i.e. observing changes of that over time) 
are required in MRV process (Havemann, Negra & Ashton 2009). Thus, measuring is estimating; 
reporting is communication with REDD+ community/authority for finance and verification is checking 
the accuracy of estimation (by REDD+ authority). Undertaking MRV is one of the most important 
challenges for implementing REDD+ project at country level (Holmgren 2010). About 40% (US$ 25 
million) of budget investment of the REDD programme is devoted to the development of the MRV 
system, making it the largest work area of REDD+ (Holmgren 2010). Developing countries must 
establish a robust estimate of MRV for the forest in a transparent, consistent, comparable, accurate and 
complete manner (IPCC 2003b) to get the carbon credit. 
Reference Emission Levels (RELs)/Reference Levels (RLs) refer the business-as-usual (BAU) 
benchmarks of emission and removal of Greenhouse gases against which actual emissions are compared 
while assessing the performance of REDD+ activities (Figure 2-3). RLs indicate the quantity/amount of 
emissions and removals of Greenhouse gases that would have taken place in the absence of any REDD+ 
programme (Walker et al. 2013). Thus, RLs is the estimate of future emissions of Greenhouse gases 
based on the historical level of emissions projected to be taken place under a BAU scenario. A BAU 
deforestation scenario is the projected rate of deforestation in the future. To understand distinctly, REL 
is the net emission of Greenhouse gases from deforestation and forest degradation, while RL is the 
emission and removal of Greenhouse gases from all REDD+ activities. Countries willing to participate 
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in REDD+ scheme need to develop respective RLs. However, to date, little guidance is found in the 
literature clarifying how RLs should be quantified (Walker et al. 2013). The performance of REDD+ 
activities is measured by comparing the actual emissions taking place over time with the projected 
emissions (RLs). The difference between actual emissions under REDD+ and RL is the measure of 
performance of REDD+, which should be reported in MRV. Parties seeking REDD+ payments are 
required to submit technical annex to the biennial update reports with information on assessed forest 
reference emission levels (RELs) and forest reference levels (RLs) as per the provision 12/CP.17 (2011). 
However, the 19th Conference of the Parties (Warsaw, 2013) decisions encouraged data and 
methodological improvements for MRV over time, along with maintaining consistency in forest RELs 
and ELs estimates. 
 
Figure 2-3: Example of a projected reference level after introducing a REDD+ project in relation to 
the historic and actual level of emissions of Greenhouse gases from anthropogenic deforestation. The 
difference between the actual emission and the RL is the measure of performance (Walker et al. 2013)  
Activity data (AD) is a REDD+ terminology which refers to the extent/quantity of various human 
activities causing/resulting emissions and removals of Greenhouse gases. Activity data is the 
information about the magnitude and extent of human activities in the forests related to REDD+. More 
clearly, it refers to the location and spatial extent/area (i.e. rate) of historic deforestation and forest 
degradation. Thus, activity data indicates areas or changes in areas. Remote sensing is a major tool for 
detecting activity data. This study used remote sensing technology to produce the activity data for 
both deforestation and forest degradation, and an IPCC recommended reporting approach (Tier 3) of 
forest carbon stock in REDD+ MRV.  
An Emission Factor (EF) refers to the Greenhouse gases emission or removal per unit of activity data 
(GFOI 2014). More clearly, emission factor is the amount of Greenhouse gases emission (loss of carbon) 
per unit area of forest cover loss of a specific forest type (e.g. tons of carbon per ha forest cover loss of 
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a specific type). An emission factor is not calculated for any particular point on the ground, but rather 
applied to different strata, e.g. CO2 emission factors for forest land converted to bare land. 
 
Figure 2-4: The IPCC approach to estimating Greenhouse gases emissions for REDD+ 
The amount of anthropogenic Greenhouse gases emitted to the atmosphere per unit area of activity data 
in a particular year is estimated by multiplying the activity data with the emission factor, i.e. the amount 
of the Greenhouse gases emission=Activity data × Emission factor (Figure 2-4). Preparation of activity 
data involves mapping, image and spatial analysis while developing emission factors involve measuring 
carbon stock and change in carbon stock. Although reporting and verification are also part of MRV, this 
research focused only on to the measurement and monitoring of forest biomass-carbon, as reporting and 
verification are activities that are more likely to be operated at the country/national level.  
 Volume, biomass, carbon and carbon equivalent 
An approach to monitoring carbon stock is directly linked with biomass dynamics (Goetz et al. 2009). 
Volume, biomass and carbon are interconvertible. Volume and biomass are related by the equation, 
B=ρV, where B represents biomass in tonnes (t), ρ represents average wood density (in t/m3), and V 
represents volume (m3). Evidently, the volume can be converted to biomass when the wood density 
of the species is known. Wood density is the oven-dry mass per unit green volume (Brown 1997). 
Existing volume tables or equations of any species together with its wood density can be used to 
estimate biomass (IPCC 2006b). Forest tree biomass has above-ground and below-ground 
components. Below-ground tree biomass is obtained by the root-shoot ratio (root: shoot) with respect 
to above-ground biomass (IPCC 2006b), which Brown (1997) calculated for lowland moist tropical 
forests to be 0.04 to 0.33 with an average of 0.12. However, a root-shoot ratio of 22% is usually 
considered for root biomass (Alder & van Kuijk 2009). Carbon estimation for REDD+ and similar 
tasks are expressed as tonnes of carbon per ha (tC/ha) or tonnes of carbon dioxide equivalent per ha 
(tCO2 e ha-1). Biomass can be converted to carbon. IPCC (2006b) recommends biomass-carbon 
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conversion factor as 0.5. To get CO2-equivalent, carbon (t) is multiplied by its atomic weight ratio, 
which is 44/12.  
 Status of forest, deforestation and degradation in Bangladesh 
According to the latest statistics by FAO, by the year 2010, 11% (or 1442,000 ha) of the total land 
area of Bangladesh was covered by forests (FAO 2011b). But the percentage of forest cover of the 
country is a controversial figure as FAO (2005)  reported 10.2% forest cover in 2000, while Mondal 
et al. (2004), in a bulletin of state-owned Bangladesh Forest Department, reported 17.5% forest cover 
in 2004, which is also referred in Muhammed et al. (2005) as unpublished data. Again, FAO (2007) 
based on the nationwide FRA (Forest Resources Assessment) done in 2005, reported that forest cover 
in Bangladesh was 6.7% which included the government reserved forests, protected forests and 
unclassed state forests in the Chittagong Hill Tracts, but excludes the village forests and privately 
owned plantations (Muhammed et al. 2005) (Table 2-3).  In fact, it is difficult to get an accurate 
measurement of forest cover in tropical countries due to lack of appropriate information and different 
methodologies used (Goldsmith 1998). Natural forests of Bangladesh are declining and degrading 
due to human interference. Over the last forty years, Bangladesh’s natural forests have significantly 
deteriorated both qualitatively and quantitatively (Biswas & Choudhury 2007).  However, the rate at 
which deforestation took place over the past decades varied and seemingly slowed down in the recent 
decade. During 1960-1990,  nearly 40% of forests of the country were lost at an estimated 
deforestation rate of 8000 ha/year (Banglapedia 2014; WRI 1992). During 1990-1995, it increased to 
8800 ha/year (FAO 1999). During 2000-2005, deforestation rate was 2000 ha/year (0.03% annually) 
(FAO 2007). On average, in the past two decades from 1990-2010, Bangladesh’s forests were lost at 
a rate of approximately 3000 ha (or 0.2%) per year (FAO 2011b).  
Table 2-3: Different sources showing different estimates of forest cover in Bangladesh 
Total forest 
area (000 ha) 
% of the total land 
area of the country 
Source 
1442 11 (FAO 2011b) 
2530 17.5 Unpublished data of Forest Department, cited in 
(Muhammed et al. 2005). Forest department offline 
bulletin (Mondal et al. 2004) cited in Biswas and 
Choudhury (2007)  
1334 10.2 (FAO 2001c) (FAO 2005) 
871 6.7 (FAO 2007) 
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Bangladesh is the (non-microstate) most densely populated country (1229 people/ km2)  of the world 
with 156.6 million people living in 147,570 km2 of the land area of the country (FAO 2011b; World 
Bank 2014). As a result, the country’s natural resources like forests face tremendous man-made 
pressure. Large-scale dependence of a large number of people for their livelihood is an important 
cause of depletion and degradation of the forest resources throughout the country (FAO 2007; 
Muhammed, Koike & Haque 2008). As of 2011, per capita forest land in the country was 0.12 ha 
(Choudhury & Hossain 2011), which is the lowest in the world (Iftekhar & Hoque 2005). In a very 
small country with a big population growing at a rate of 1.4% annually (FAO 2011b),  it is likely that 
DFD will continue and forests will disappear by next 30-40 years or even earlier if appropriate actions 
and conservation measures are not taken (Nishorgo Network 2014).  
Many qualitative studies discussed the status of deforestation and forest degradation exploring the 
underlying causes/drivers in Bangladesh (Ahmed 2008; Iftekhar & Hoque 2005; Islam & Sato 2012; 
Rasul 2007; Salam & Noguchi 1998; Salam, Noguchi & Koike 1999). As identified by these studies, 
the major drivers of deforestation in three major forest regions of the country (Hill forest, Sal forest 
and Mangrove forest) included population pressure and poverty, unemployment, industrialization, 
inappropriate shifting cultivation, militarization, consumerism, irrational profit-making, development 
intervention and forest management (Ahmed 2008). Degradation of forests took place due to several 
physical-environmental and socioeconomic causes. Among the physical-environmental causes, 
natural calamities, salinity intrusion, soil erosion and the problem of regeneration were main, whereas 
the socio-economic causes included fuelwood collection, brick field, stone extraction, illegal or legal 
logging and shrimp cultivation (Ahmed 2008).  
A number of quantitative studies in Bangladesh used remote sensing and GIS technology to detect 
forest cover (Mahboob et al. nd; Syed, Hussain & Weir 2001), forest cover change or deforestation 
(Akhter 2006; Emch & Peterson 2006; Giri et al. 2007a; Halim et al. 2008; Hasan 2012; Islam 2007; 
Nath 2014; Rahman 2013; Reddy et al. 2016a) and forest/land degradation (Bai 2006; Redowan, 
Akter & Islam 2014). These studies used mainly Landsat (MSS, TM, ETM+) and SPOT 5 data for 
detecting forest cover or change. Majority of the studies were conducted in the Sundarbans, the 
worlds’ largest continuous mangrove forest in south-western Bangladesh, and Sal forest at central 
Bangladesh, whereas a few studies were done in the hilly forest areas of Sylhet and Chittagong 
division. But, REDD+ program related quantitative studies that dealt with the preparation of activity 
data using remote sensing technology conforming to recommended international standards like IPCC 
guidelines are rare in Bangladesh. However, a few studies estimated forest biomass-carbon in 
Chittagong forests using Landsat data with field sampled biomass (Rahman, Csaplovics & Koch 
2005, 2008). 
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 A short review of the remote sensing approaches for monitoring deforestation, 
degradation and forest biomass-carbon 
Measurement and monitoring of deforestation, forest degradation and forest carbon stock, three 
important elements of REDD+ MRV, are possible operationally and globally with high accuracy 
using remote sensing technology (Asner 2009b). The challenges of performing REDD+ MRV is not 
technological, but political, budgetary and institutional (Asner 2009b). For estimating emission of 
carbon for MRV using remote sensing technology, measurement of two variables are needed; a) 
changes in land-use/landcover (i.e. activity data) and b) changes in forest carbon stock densities per 
unit area (i.e. emission factor)  (IPCC 2003b; VCS 2013). In addition, data on drivers and activities 
which are causing a change in forest carbon stock are needed (Herold & Skutsch 2011). Remote 
sensing approaches used to estimate these two variables have been discussed below. 
Monitoring deforestation using remote sensing technology is standard practice in many different 
countries globally. However, monitoring forest degradation is much more challenging and less mature 
than monitoring deforestation, due to complexities in the definitions and approaches used to measure 
forest degradation (Asner 2009b; FAO 2009; Hirschmugl et al. 2017). Due to the absence of a 
standard, globally-used definition of forest degradation, complications arise in the implementation of 
the REDD+ project also (Sasaki & Putz 2009). The commonly used variable or indicator for 
deforestation is the forest cover, whereas, the most widely used indicator for forest degradation is the 
biomass (GOFC-GOLD 2014). But the change in forest biomass does not necessarily provide any 
information on other aspects of forest degradation (Miettinen, Stibig & Achard 2014). Review of 
existing literature shows, there is no universally agreed method for monitoring forest degradation. 
Remote sensing approaches to monitoring forest degradation vary based on the driver of degradation 
(for example, shifting cultivation, forest fire, selective logging) and forest type.  
Monitoring deforestation: Forest cover/deforestation can be detected at local, regional and global 
scales using a combination of satellite images and ground survey data (ground truthing) with 
acceptable accuracy (GOFC-GOLD 2014). Large-scale deforestation can be detected using various 
spatial resolution satellite images, while lower scale deforestation can be detected using high-
resolution images coupled with ground data or high-resolution airborne images (Asner 2009b). For 
monitoring forest cover at a global scale, commonly used satellite sensors (with unrestricted access) 
include Moderate Resolution Imaging Spectrometers (MODIS), onboard Terra and Aqua satellite, 
and VEGETATION, onboard SPOT 5 (Asner 2009b). For regional scale monitoring of deforestation, 
commonly used images are from the Landsat sensors (Asner 2009b). Detection of deforestation less 
than 25 ha by a global sensor system is uncertain, while deforestation larger than that is now done 
routinely using various classification approaches (GOFC-GOLD 2009; Hansen et al. 2008). Various 
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change detection techniques (e.g. post-classification comparison) using image to image or times 
series analysis, object-based analysis and cloud-computing based analysis are commonly employed 
in processing satellite images to monitor deforestation. In timeseries analysis, images are acquired 
before and after the event of deforestation, and are generally applied to map forest cover change or 
deforestation (Hussain et al. 2013). For example, Margono et al. (2012) classified forests into 
‘primary intact’ and ‘primary degraded’ classes and detected the trend of change employing pixel 
based supervised classification approach followed by fragmentation analysis of Landsat timeseries 
images in Sumatra, Indonesia.  Broich et al. (2011b) reported that forest cover change mapping was 
more accurate when Landsat time series was used rather than image composites in Indonesia. Many 
other similar studies have used timeseries analysis to monitor deforestation in a wide range of forest 
conditions in several countries, e.g. Indonesia (Fawzi, Husna & Helms 2018), China-Laos (Tang et 
al. 2018), Kenya (Morrison et al. 2018), Ethiopia (DeVries et al. 2016), and Myanmar (Shimizu et al. 
2017a; Shimizu et al. 2017b). Object-based analysis applies segmentation technique in satellite image 
classification to group individual pixels into meaningful objects as per the user requirement (Blaschke 
2010). This approach has also been widely used in many deforestation studies (Lindquist & 
D’Annunzio 2016; Lu et al. 2016; Uddin et al. 2015). Cloud-based computing platforms, such as 
Google Earth Engine (Hansen et al. 2013; Moore & Hansen 2011), is another recent development in 
geodata access and processing. It has created profound opportunities for large-scale satellite remote 
sensing of earth surface dynamics including forest and landuse change. Google Earth Engine, built 
on Google infrastructure, provides access to archives and processing facilities of massive volumes 
(petabyte-scale) of satellite images online. Several local (Johansen, Phinn & Taylor 2015)  and global 
(Hansen et al. 2013; Kim et al. 2014) level studies have successfully applied Google Earth Engine 
cloud platform for monitoring deforestation.  
Monitoring degradation: Apart from REDD+ implications, one of the main focuses of monitoring 
tropical forests in the last decade was the assessment of forest degradation (Miettinen, Stibig & 
Achard 2014). Few comprehensive reviews provide critical overviews on the methods and sensor 
systems used in remote sensing forest degradation (Hirschmugl et al. 2017; Miettinen, Stibig & 
Achard 2014; Olander et al. 2008; Thompson et al. 2013). Mapping and monitoring forest degradation 
require medium to high-resolution satellite images, including Landsat. Hirschmugl et al. (2017) 
reported that degradation features (e.g. negative change in forest canopy cover, fire-burnt areas, 
logging roads and skid trails) can be mapped directly using spectral response of the image (digital 
number values or surface reflectance) and indirectly using indices, of which NDVI, EVI, SAVI and 
NBR are widely used (see list of acronyms for their expansion). Methods or approaches used in 
mapping degradation (and also deforestation) can be 1) classifying a single image and comparing 
with a map 2) image to image change detection (requiring at least two images as before and after 
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degradation) and 3) time series analysis (requiring a series of images over a period of time) 
(Hirschmugl et al. 2017). The first approach involves a single image analysis, while the latter two 
involve change detection. Comprehensive reviews of change detection analysis and mapping methods 
for forest degradation (and deforestation) have been published (Coppin et al. 2004; Violini 2013). 
Before doing any change detection analysis for degradation (and also deforestation and forest biomass 
carbon), pre-processing activities including radiometric and geometric corrections are done in the 
images. Several past studies detected forest degradation due to selective logging or forest fire using 
Landsat data (Asner 2009b; Souza Jr, Roberts & Cochrane 2005). Asner et al. (2004) mapped forest 
canopy damage due to selective logging in Brazilian Amazon employing Monte Carlo analysis to 
canopy gap fractions using Landsat ETM+ data. Huang et al. (2008) calibrated the well-known 
ecosystem carbon cycle model CASA-3D using Landsat TM to evaluate the effect of selective 
logging on ecosystem carbon cycling at the regional and landscape scale. Asner et al. (2005) 
developed an atmospheric modelling based automated system known as CLAS (Carnegie Landsat 
Analysis System), which uses Landsat ETM+ data to measure selective logging in Brazilian Amazon. 
Asner et al. (2006) used Landsat ETM+ data to quantify logging extent using the CLASS automated 
system in Brazil.  
Image sensor system and resolution to detect DFD: The sensor system and spatial resolution of the 
image are important factors in remote sensing DFD. Previous studies used various sensor data for 
detecting deforestation, for example, Landsat TM (Broich et al. 2011b; Hansen et al. 2013; Margono 
et al. 2012), ETM+ (Broich et al. 2011a), Landsat TM and ETM+ together (Marsik, Stevens & 
Southworth 2011) and MODIS (Broich et al. 2011a), and for detecting forest degradation (more 
specifically  degraded cover class) due to selective logging, for example, Landsat TM (Margono et 
al. 2012) and Landsat ETM+ data (Asner et al. 2006; Asner et al. 2004; Asner et al. 2005; Huang et 
al. 2008). Sensor systems used for monitoring DFD (and also forest carbon) can generally be of three 
categories; coarse (generally > 30 m), medium (5-30 m) and high resolution (< 5 m). NOAA AVHRR, 
MODIS and SPOT VEG are the operational coarse sensor systems used for monitoring DFD over a 
long period of time; Landsat TM, ETM+, OLI, SPOT 4 HRV, SPOT 5 HRS, IRS and Radarsat are 
medium-resolution sensor systems; and IKONOS II, Quickbird II, SPOT Panchromatic, SPOT 5 
HRG are high-resolution sensor systems (Sánchez-Azofeifa et al. 2009). Coarser resolution images 
are not effective in detecting small area disturbance than medium or high-resolution images 
(Hirschmugl et al. 2017). Sánchez-Azofeifa et al. (2009) showed, nearly 65% of the deforestation 
would not be sensed when using MODIS image of 250m spatial resolution, and 95% for 500m spatial 
resolution image than Landsat TM image with 28.5m spatial resolution in the tropics (Costa Rica). 
They also reported that in monitoring deforestation (and forest carbon) in the tropics, where the 
topography is rough, and deforestation rate is slow, medium or high spatial resolution images like 
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Landsat TM, ETM+ could be the wise choice for accurate estimate rather than coarser resolution 
images like MODIS. Among the sensor systems, Landsat TM is most extensively used for land-use 
and landcover change analysis over the years (Sánchez-Azofeifa et al. 2009). The combined use of 
various resolution images (which is also referred to as image synergy or fusion) have shown 
improvements in mapping forest cover using mid-resolution images. For example, the synergy of 
cost-free Landsat and recent Sentinel-2 data can add new dimensions in the monitoring capability of 
DFD, and lower the density of time series observation (Hirschmugl et al. 2017). However, the 
monitoring system of DFD (and forest carbon) in the tropics may necessarily be a compromise among 
spatial, spectral and temporal resolutions of images along with data availability, continuity and cost 
involved (Sánchez-Azofeifa et al. 2009).  
Image cloud cover: Presence of cloud cover of the image is a big limitation for forest monitoring in 
the tropical regions. Availability of images with less temporal gaps reduces the limitation to an extent 
providing an alternative image with less percent of cloud cover. However, frequent images are not 
available at all time for all places. The alternative to cloud cover problem today is the use of radar 
data which are not affected by cloud (Jensen 2000).  
Radar images in detecting DFD: Use of radar images for forest classification in the tropics is limited 
due to a lack of operational SAR imaging satellites, whereas SAR images were used in detecting 
canopy roughness and biomass, which provided supplementary information to optical data 
(Kasischke, Melack & Craig Dobson 1997). Sánchez-Azofeifa et al. (2009) reported that L-band radar 
data has been usefully used in the past for biomass and forest age structure detection (Saatchi, Soares 
& Alves 1997; van der Sanden 1997; Yanasse et al. 1997) but they saturated at low biomass levels 
which give rise confusion in separating forests of various growth years from primary forest (Rignot, 
Salas & Skole 1997). However, Neeff et al. (2005) claimed to have overcome this constraint by using 
airborne interferometric X and P band SAR image in an Amazon forest site in Brazil. But SAR data 
also has some big shortcomings like radar shadows (which bears no information, just black), the effect 
of topography and image speckle. The topographic effect produces a tonal difference in radar 
backscatter, which falsely represents the vegetation information as though this difference was due to 
density change in forest vegetation (van der Sanden 1997). Thus, both the multispectral scanner and 
SAR data have their own set of strengths and weaknesses for monitoring tropical forests (Sánchez-
Azofeifa et al. 2009). Cloud-free images like Landsat can serve as powerful tools to monitor tropical 
deforestation and forest degradation (Asner 2001). 
Mapping methods of DFD range from simple visual interpretation to sophisticated algorithms. 
Approaches used in image analysis/stratification for detecting DFD include using vegetation spectral 
indices, spectral mixture analysis and visual interpretation (GFOI 2014). Vegetation spectral indices 
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(e.g. NDVI, NDFI, SAVI, RVI, DVI, TVI, PVI etc. (see acronyms for the expansion) are widely used 
in remote sensing forest canopy cover or biomass (Gandhi et al. 2015; Li, Jiang & Feng 2013; 
Matsushita et al. 2007; Vogelmann et al. 2016). CLASlite (Asner 2009a), a successive development 
of the Carnegie Landsat Analysis System (CLAS), which was successfully used in the Amazonian 
forest sites, is a recent development in mapping DFD.  CLAS and CLASlite approaches use medium 
and high-resolution satellite images, e.g. Landsat, SPOT, ASTER and MODIS and appropriate for 
monitoring DFD at national or subnational scales. 
Table 2-4: Some exemplary studies dealing with remote sensing deforestation, degradation and forest 
carbon 
 
Authors Indicator Images 
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Method Result/ output Study site 
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(Margono et 
al. 2012) 
Forest 
cover 
Landsat 
time series 
Pixel-based supervised 
classification followed 
by fragmentation 
Forest cover loss 
map 
Indonesia 
(Broich et al. 
2011a) 
Forest 
cover 
Landsat 
ETM+ and 
MODIS 
Decision tree Annual forest 
cover loss map 
Indonesia 
(Broich et al. 
2011b) 
     
(Hansen et al. 
2013) 
Forest 
cover 
Landsat 
TM 
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Approaches of remote sensing forest biomass/carbon: To obtain a spatially explicit estimate of 
aboveground forest biomass for extended areas (for emission factors estimation), the main challenge 
is the integration/linking of spectral information of remote sensing data with the field measurements 
and models (Petrokofsky et al. 2012; Potter et al. 2008; Powell et al. 2010). The integration of spectral 
response of satellite data (e.g. vegetation indices), spatial data (e.g. topography or other climatic 
variables) and field-level biomass is done either empirically or following process models (Birdsey et 
al. 2013). Goetz et al. (2009) reviewing the approaches to estimate above-ground biomass (AGB) 
from satellite data reported that most commonly used approaches referred in available literature were 
stratify and multiply approach, combine and assign approach and direct remote sensing approach.  
Stratify and multiply is the simplest approach to estimate AGB from satellite data, where a thematic 
map of the forest (or landcover, or vegetation type) with several classes (e.g. dense natural forest, 
dense plantation, degraded forest, and likewise) is produced using the image or another map and then 
each thematic class is multiplied by a value (or range of values) to get the estimate of carbon for the 
whole map area. The main limitations of the approach are that based on what the thematic 
classes/cover types will be defined is ambiguous and not universal, and wide variations of biomass 
in the same cover class remain unaccounted.  
Combine and assign can be regarded as an extension of stratify and multiply approach where AGB is 
estimated/extrapolated beyond field sampled AGB using various data sets (biophysical, 
environmental and socioeconomic data sets, e.g. population, forest type/cover classes, the access road 
to forest) in GIS environment (modelling). This approach has advantages of assigning a particular 
weight value to a particular layer based on its importance with the aim to capture known information, 
e.g. adding more weight to locations of higher DFD around settlements. However, this approach has 
limitations similar to stratify and multiply approach like field and spatial data not representing 
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2011) 
Above 
ground 
biomass 
LiDAR  Biomass map African 
countries 
(Ryan et al. 
2012) 
Carbon 
stock 
L-band 
SAR 
Regression and 
bootstrapping 
Biomass map and 
change map 
Mozambi
que 
(Tsui et al. 
2013) 
 LiDAR+S
AR 
Spatial modelling, 
Multivariate krigging 
A spatially 
explicit estimate 
of AGB 
Canada 
(Saatchi et al. 
2011) 
Carbon 
density 
LiDAR+ 
Microwav
e image 
 Standing biomass 
density map 
Continent
al 
Note: This list of studies should not necessarily be considered as the comprehensive literature 
on remote sensing DFD and forest carbon 
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variations in the population, and also spatially consistent data layers might be unavailable for 
modelling AGB for larger areas.  
The direct remote sensing approach is more spatially consistent than the other two approaches. In 
direct remote sensing, carbon stock is estimated by training/calibrating the image (optical, radar, 
lidar) with field sampled AGB in a machine learning (e.g. neural network) or statistical (e.g. 
regression tree) technique or algorithm to use an optimized rule set to extend AGB for each pixel of 
the image (Baccini et al. 2004; Breiman 2001). Image training is done iteratively to catch the 
maximum variation in the training data sets to result in the lowest error in the image estimate of AGB. 
The result is a wall-to-wall (i.e. complete data coverage) image/map of AGB with continuous pixel 
value (without any land-use map). Several studies estimated AGB using this approach in various 
locations, e.g. in Amazon (Saatchi et al. 2007), United States (Blackard et al. 2008), and Russia 
(Saatchi et al. 2007). The main advantage of this approach is when the rule is detected, it can easily 
be understood and applied in monitoring carbon (Goetz et al. 2009). In direct remote sensing 
approach, the estimation of AGB is detectable to a smaller spatial scale, that is, at pixel level, unlike 
thematic maps, fine details of forest (related to deforestation, forest degradation and forest carbon) is 
possible to be monitored by this approach (Houghton & Goetz 2008), hence can be integrated for 
REDD+ MRV. However, to say broadly, any one of these three approaches can be applied in 
monitoring forest AGB (Goetz et al. 2009).   
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 Study site 
The study was conducted at Raghunandan Hill Reserve (6143 ha) in Bangladesh (Figure 3-1). 
Raghunandan is located in the Chunarughat and Madhabpur thanas of Habiganj district under Sylhet 
administrative division. Raghunandan Hill Reserve consists of two forest ranges, including Satchari 
and Raghunandan. Satchari range has two forest beats, namely Satchari and Telmachara, whereas 
Raghunandan range has of four forest beats, namely Shaltila, Jagadishpur, Shahapur and Shahjibazar 
(Figure 3-1).  
 
Figure 3-1: Location of the study forest site at Habiganj district, Bangladesh 
Forests in Bangladesh are not evenly distributed and are concentrated to several peripheral districts 
(Figure 3-2). The majority portion of the country is devoid of the forest. Forests are mainly found in 
greater Chittagong, greater Sylhet, greater Khulna, and Dhaka, Mymensingh and Tangail districts 
(SOS 2014).  Geographically/topographically forests of Bangladesh are classified as ‘hill forest’ 
(located in the hilly regions of greater Sylhet in north-east and Chittagong districts in eastern 
Bangladesh), inland ‘Sal forest’ (located in the Pleistocene terraces of greater Dhaka, Mymensingh 
and Rajshahi districts in nearly central Bangladesh) and littoral ‘mangrove forest’ of Sundarbans 
(located in the plains of greater Khulna district in south-western coastal frontier on the Bay of Bengal) 
(Figure 3-2). Bangladesh hilly areas (hill forests) are found mainly in greater Sylhet and Chittagong 
districts which comprises nearly 12.6% of the total land area of the country, the remaining being 
floodplains (79.1%) and terraces (8.3%) (Biswas, Swanson & Vacik 2012). There are considerable 
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altitudinal variations between the hills of Sylhet and Chittagong, which are situated several hundred 
kilometres apart from each other. Hills of Sylhet are of low altitude, ranging from 50-150 meters 
above mean sea level, while those of Chittagong are of high altitude ranging from 600-1000 meters.  
 
Figure 3-2: Distribution of the forests in Bangladesh. Map source: Reddy et al. (2016a) 
Hill forests have very high ecological significances in harbouring faunal and floral diversity among 
others and constitute more than half of the forests of the country. Vegetation composition of hill 
forests comprises a transition of Indian subcontinent floristic region and Indo-China floristic region 
(FAO 2000). Champion, Seth and Khattak (1965) broadly classified the hill forests as tropical 
evergreen/semi-evergreen, the Sal forest as tropical moist deciduous and the mangrove forest as 
Raghunandan  
Hill Reserve 
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tropical littoral forest types. Choudhury (1990) and Milde, Shaheduzzaman and Chowdhury (1985) 
classified hill forests of Sylhet and Chittagong into seven forest subtypes namely tropical mixed 
evergreen, tropical wet evergreen, tropical moist deciduous, tropical open deciduous, Bamboo, 
Lowland freshwater swamp and Savanna. Freshwater swamp forest is uniquely found in Sylhet region 
while Savanna (degraded forest with no trees but exuberant sungrass- Saccharum spontaneum, and 
other herbs and shrubs) is mainly found in the degraded hills of Chittagong Hill Tracts. 
Raghunandan Hill Reserve forests are part of the broad natural hill forests of Sylhet, also referred as 
‘Sylhet Hills’. Sylhet hill forests are located in three administrative districts (Habiganj, Moulavibazar 
and Sylhet) of Sylhet division (greater Sylhet). Sylhet hill forests are managed by state-owned 
Bangladesh Forest Department. These forests are protected areas managed as reserve forests, national 
parks, eco-parks and wildlife sanctuaries. 
Table 3-1: Status of the natural forests of Sylhet from 1990 to 2005. A declining trend over fifteen 
years is evident from the figures (FAO 2010b) 
Category  Area in 000 ha 
  1990 2000 2005 
Natural forests  3.060 2.597 2.366 
Bamboo forest  16.987 20.040 20.040 
Plantation  14.687 17.872 17.872 
Raghunandan Hill Reserve comprised of patches of disturbed old growth forests in the south, mono 
and mixed plantations of various native and exotic trees mainly in the middle and eastern part, distinct 
rubber plantations in the north, grass and shrublands in the middle and west and agricultural lands. 
From the ecological and topographical perspective, the natural forests of Raghunandan Hill Reserve 
(located mainly at Satchari beat on the south) bear the characteristics of Sylhet hill forests (Sylhet 
Hills), and are part of it. The ecological type of the vegetation of natural forests at Raghunandan is 
tropical wet mixed evergreen (Champion 1936). In these forests, evergreen vegetation communities 
are mixed with deciduous dominant tree communities, along with other various types of herbs, shrubs 
and bamboo species, so the name mixed evergreen (MoEF 2011). The physiognomy of hill forests is 
commonly evergreen, uneven-aged and multi-storeyed. Vertically, generally, three distinct canopy 
strata (10-30 meters) are noticeable in the forests; upper, lower and undergrowth. Majority of the trees 
in the lower stratum of forest are evergreen while most of the dominant trees in the upper stratum are 
deciduous in nature (FAO 2000). 
The natural or modified natural forests of the Raghunandan Hill Reserve, located at the Satchari beat 
in the south, are evergreen, uneven-aged and multi-storeyed. Three distinct canopy stories (10-
32 
 
30/40m in height) viz. upper, lower and undergrowth are evident at Raghunandan. Lower storey trees 
are evergreen in most cases, while upper storey trees are deciduous in nature (FAO 2000). Some 
dominant trees in the upper canopy include Chapalish/Chambal (Artocarpus chaplasha), Garjan 
(Dipterocarpus turbinatus), Dewa/Botta (Artocarpus lacucha) Telsur (Hopea odorata), Raktan 
(Lophopetalum fimbriatum), Shimul (Salmalia insignis), Banderhola/Ramdala (Duabanga 
sonneratioides), Sal (Shorea robusta) and Jaam (Syzygium spp). An admixture of various medium-
sized trees constitutes the lower storey of the canopy. Some of them include Chickrassi (Chikrassia 
tabularis), Pitraj/Rayna, (Apanamixis polystachya) Gamar (Gmelina arborea), Toon (Toona ciliate), 
Chatim (Alstonia scholaris), Nageswar (Mesua ferrea), Haritaki (Terminalia chebula), Bohera 
(Terminalia ballerica), Darchini (Cinnamomum spp), Telsundi (Talaruma phellocarpa), Bot (Ficus 
spp), Batna (Quercus spp), Chalta (Dillenia spp), Amoora spp (Amoora rohituka), and various species 
of bamboos. Several bamboo species are found in this stratum as a pure stand or in admixture with 
other species. They are Muli (Melocanna baccifera), Mitinga/Jai (Bambusa tulda), Borak 
(Teinostachyum dulloa), Borua (Dendrocalamus lognispathus), Dolu (Neohouzeaua longispathus), 
Pencha (Dendrocalamus hamaoltoni), Kali (Oxytenanthera nigrosiliata), Makhal (Teinostachyum 
griffithii) etc. Among the bamboos, Muli, Mitinga and Dolu are commercially important. Understory 
composition of the hill forests of Sylhet is a tangle of shrubs, canes, bamboos, epiphytes and climbers. 
The abundance of mosses, ferns, orchids in this stratum are very common (Biswas & Choudhury 
2007). Except the natural forests, other forests of Raghunandan are mainly plantations. Major species 
of the plantation forests include mono or mixed culture of Teak (Tectona spp), Sal (Shorea robusta), 
Kadam (Anthocephalus chinensis), Lohakat (Xylia dolabriformis), Akashmoni (Acacia 
auriculiformis), Mangium (Acacia mangium), Eucalyptus spp, Garjan (Dipterocarpus turbinatus), 
Jarul (Lagerstroemia speciose) medicinal plants like Agar (Aquilaria agallocha). 
Climatologically, Raghunandan Hill Reserve experiences sub-tropical monsoon climate of three vivid 
seasons namely summer (March to mid-June), monsoon  (mid-June to mid-October) and winter (mid-
October to February) (Uddin et al. 2013). The area receives maximum rainfall in the months of June 
and July (with an annual average of 4162 mm), while December and January remain rainless, making 
them the driest months (Choudhury et al. 2004). The area is exposed to a relatively longer wet season 
(April-October) and a shorter dry season (November-March) (Figure 3-3). The temperature does not 
show much fluctuation through the months of April to September, keeping around an average of 
nearly 270 C (Figure 3-3).  
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Figure 3-3: Mean historical monthly temperature and rainfall during 1901-2015 time period for 
Raghunandan Hill Reserve. Climatic data for this graph was obtained from the Climate Change 
Knowledge Portal of the World Bank (CCKP-WB 2016) 
 Spatial data 
Spatial data used in this research included satellite images, Digital Elevation Model (DEM) and its 
derivatives, and various other raster and vector layers (Table 3-2).   
This study used freely available medium spatial resolution (30m) images of the study area from 
Landsat Thematic Mapper (TM) and Operational Land Imager (OLI) sensors. Around the years of 
1990, 2000 and 2005, Landsat data are the most suitable satellite images to detect historic pattern and 
rates of DFD (GOFC-GOLD 2009). Orthorectified Landsat images (data type-L1T, i.e. terrain 
corrected) for 1995, 2005 and 2015 were obtained from the USGS glovis web portal. An extensive 
visual screening was done in glovis web to select the most appropriate images. Finding cloud and 
haze-free anniversary images for all three years that coincided with the time of field data collection 
(to ensure higher accuracy in classification) was a challenge. The late winter or early spring images 
(February-March) were relatively suitable, which fulfilled the conditions. 10th March was the best 
anniversary date of image acquisition, where the study area portion of the images for all the three 
study-years was clean from cloud and haze. Although the whole Landsat scene of 1995 did contain a 
high percentage (53%) cloud cover, the study forest was out of the clouded area and clean. Acquisition 
times of the day for all three scenes were close to each other (scene centre local time: from quarter to 
four to quarter past four). Hence the difference in sun elevation angle and the subsequent effect of 
shadows across the images was minimal. Thus, a total of three Landsat scenes (185 x 185 km) were 
acquired for processing (Table 3-2). 
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Table 3-2: Data and resources used in this research 
Categories Data/logistics Source Cost 
Spatial data -Landsat (TM, OLI)3 USGS Glovis Open source 
 -SRTM 30m DEM4 Earth Explorer Open source 
 -Spatial data (various 
shape files) 
Bangladesh Forest 
Department/Self-
creation 
Free 
Software/ 
hardware 
-Computer 
-ArcGIS (v10.2.2) 
School/personal Available 
 -Erdas Imagine (2014) School Available 
 -ENVI (v5.2) School Available 
 -SPSS (v20) School Available 
 -Canopy digi Open source Free 
 -TerrSet Land Change 
Modeller 
School Available 
 
DEM and its derivatives (e.g. slope, aspect) were required for the spatial modelling of future 
landcover to achieve objective 3 in chapter 6. The 30m resolution SRTM (Shuttle Radar Topographic 
Mission) DEM data of the study site were collected from the USGS EarthExplorer website.  
Other spatial data layers including the distance of deforestation to settlement, colonies, roads, rails, 
timber processing plants and others were created, with the help of their geo-locations obtained by the 
GPS survey in the field, using geospatial operations in ArcGIS. 
 Satellite image pre-processing 
Landsat images (Level 1) are generally downloaded in a radiometrically uncalibrated and 
atmospherically uncorrected format which are unsuitable for carrying out any spectral analysis. 
Before processing/analysing images in geospatial operations, several corrective operations were 
performed, which have been described as follows. 
                                                 
 
 
3 Landsat images are free to download from USGS GloVis: http://glovis.usgs.gov/ or earth explorer 
http://earthexplorer.usgs.gov/  
 
4 SRTM global DEM is free to download from earth explorer: http://earthexplorer.usgs.gov/ 
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 Image co-registration 
For time series analysis, images of various years should overlap each other at the pixel level. Images 
of the years 1995 and 2005 matched perfectly at pixel level when overlapped, however, 2015 image 
was showing a shift in location, therefore was not matching with other images. To solve this problem, 
the 2015 image was geocorrected with reference to 2010 image using the Autosync function in Erdas 
Imagine (v. 2015). In the image to image georectification process in Erdas, 35 manually created 
matching tie points were used with ‘affine’ geometric model. Thus, the output image was a co-
registered Landsat image with minimal error (root mean square error-RMSE 0.12 pixel) (Jensen & 
Lulla 1987). At this stage, all-time series images were completely overlapping with each other. 
 Image radiometric calibration and atmospheric correction 
In radiometric calibration, digital number (DN) values of each pixel of the images are converted to 
top-of-atmosphere (or ‘at sensor’) radiance values and subsequently reflectance values by an inverse 
relationship. Radiometric calibration reduces the effect of atmospheric noise and facilitate comparing 
different date and sensor images (e.g. Landsat TM vs OLI). On the other hand, atmospheric correction 
involves converting at sensor reflectance values to at canopy reflectance values to minimize the effect 
of atmospheric scattering and absorption of electromagnetic radiation recorded at the sensor.  
The images were radiometrically and atmospherically corrected using ENVI 5.3. In the process, 
Landsat images were opened in ENVI using respective metadata/header file. Uncalibrated digital 
number (DN) values of each image were then converted to top-of-atmosphere calibrated radiance 
values using ‘radiometric calibration’ tool and selecting calibration type as ‘radiance’. Top-of-
atmosphere  radiance values were then converted to surface reflectance using FLAASH (Fast Line-
of-sight Atmospheric Analysis of Spectral Hypercube) atmospheric correction model (Perkins et al. 
2005). The formulas used in the calibration and correction process are described in details in the 
respective Landsat 5 and 8 data user handbooks available online (https://is.gd/Gs5cMc). The process 
was repeated for each time series image separately. The output of this process was radiometrically 
and atmospherically corrected Landsat images of the study site with pixel level at-surface reflectance 
values.   
 Image cloud and cloud-shadow removal, enhancement and subsetting 
Cloud and their shadow largely limit image visual interpretation or machine analysis. For REDD+ 
purpose, images with more than 10% cloud cover are not recommended to use (Walker et al. 2013). 
A tiny portion of the 1995 and 2005 images was contaminated with clouds and their shadows. Cloud 
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was removed from the image following Kong, Qian and Zhang (2013), and cloud-shadows following 
Melesse and Jordan (2002). 
Image enhancement creates a sharp contrast against the background and improves the appearance of 
the image for visualization, interpretation, and analysis. To facilitate analysis, various available 
enhancement techniques were applied to an image. However, histogram stretching is a particularly 
recommended enhancement technique for interpreting forest degradation detecting and was applied 
(GOFC-GOLD 2014).  
To facilitate speedy processing, the study area was a subset from the whole Landsat scenes using the 
boundary shapefile of Raghunandan Hill Reserve. At this point, the images were ready to be used for 
further spectral analysis which has been described in details in the respective chapters. 
 Field data 
Field data collection was done during March 25- August 19, 2015, at the Raghunandan Hill Reserve, 
Bangladesh. Field data were of two types; i) measurement of forest variables in sample plots and GPS 
survey (for objective 1, 2 and 3), and ii) observation and informal interviewing of the forest-dependent 
community regarding nature of forest use (for objective 1 and 3) (Figure 3-4). Collection and analysis 
process of the data have been described in details in the methodology section of the respective chapter.  
Fieldwork was performed by a group of five to six crew members led by this researcher. The other 
crews were the undergraduate students of the Department of Forestry and Environmental Science at 
Shahjalal University of Science and Technology, Bangladesh. Before going to the field, the team 
leader provided adequate training to the crews clarifying the aim and objectives of the field campaign, 
procedure of data collection, use of the instruments and accessories, care and caution to be maintained 
of nature and wildlife, issues of indigenous culture and norms, and after all the health and safety 
issues during the field campaign. For recording data on forest attributes and variables, a record sheet 
was prepared, printed, copied and carried to the field.  
Field-measurement 
data
Field-observation/
Informal interview
data
Fieldwork
Objective 
1, 2 & 3
Objective 
1 & 3
 
Figure 3-4: Two main categories of the data collected during the fieldwork 
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For forest attributes data, 125 sample plots of 30m x 30m size were created using the boundary 
shapefile of Raghunandan Hill Reserve with the Hawth’s analysis tool extension of ArcGIS. These 
field points were then accessed/navigated using a handheld iPAQ personal digital assistant equipped 
with ArcPad software (which allows manipulation of spatial data) and a GPS receiver. The iPAQ was 
loaded with digitized/delineated access track shapefiles and maps prepared beforehand using 
available maps and satellite images, especially Google Earth. For recording observation and informal 
interview data, field-book and a semi-structured questionnaire were used. The geographic position of 
122 was furniture shop, and 65 were sawmills located around Raghunandan Hill Reserve were 
recorded using the iPAQ GPS machine.  
 Data analysis and report writing 
A synoptic view of the data processing and analysis for the three analytical chapters of this thesis has 
been presented in Figure 3-5.  
Objective 1 (Chapter 4) developed activity data for deforestation and forest degradation (DFD). For 
achieving that, time series Landsat images of the period 1995 to 2015 at ten years interval were 
obtained and pre-processed. Pre-processed Landsat image was then classified (stratified) to produce 
several landcover maps. Accuracies of the produced landcover maps were assessed using reference 
landcover data collected from the field and high-resolution Google Earth images. Post-classification 
comparison was used to generate transition matrix of land-use/landcover change, which constituted 
the activity data for DFD.  
Objective 2 (Chapter 5) developed emission factors for DFD using Landsat and field-sampled tree 
biomass/volume data. Average carbon densities of each forest stratum were estimated by linking 
field-level biomass-carbon data with the spectral response of the image in regression analysis. The 
difference in carbon stock for various intermittent years was the emission factor for that stratum. 
Multiplication of emission factors by the activity data of DFD provided the estimates of the amount 
of CO2 released to the atmosphere.  
Objective 3 (Chapter 6) assessed the future scenarios and risk of DFD employing spatial modelling 
approach with respect to biophysical variables. Spatial data like the distance of deforestation to 
colonies, settlements, timber processing plants and some other attributes were created applying 
geospatial operations using field-collected GPS positions of features and other available spatial data. 
The model output was the future scenarios of land-use change and associated risk of change.  
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Figure 3-5: The overall methodological approach of this study. RQ refers to the research question 
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Abstract 
After fossil fuel burning, deforestation and forest degradation (DFD) are the second largest contributor 
to Greenhouse gases emissions to the atmosphere. In order to claim the carbon credit under the Reducing 
Emissions from Deforestation and Forest Degradation (REDD+) scheme, a United Nation’s Framework 
Convention on Climate Change (UNFCCC) initiative for climate change mitigation, developing 
countries are required to prepare national reference emission levels (RELs) for forests on the basis of 
historic data and national circumstances. Part of developing REL includes quantifying location, 
pattern and rate of historic DFD, which are also called in a word the activity data for DFD. Applying 
Monte-Carlo spectral unmixing technique to Landsat images in Claslite® algorithm followed by 
knowledge-based classification approach, this research quantified the activity data for DFD at 
Raghunandan Hill Reserve (6143 ha) in Bangladesh. Moderate spatial resolution Landsat images 
were able to detect the activity data for both deforestation and degradation in a spatially explicit 
manner with high accuracy (>90%). The research approach and findings could serve as valuable 
information for any future national level initiative for developing activity data for REDD+ projects.  
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 Introduction 
Human-induced deforestation and forest degradation (referred to as DFD in the rest of the article) are 
age-old problems, which got intensified across countries in the recent past decades (Williams 2002). 
In Bangladesh, rich natural high forests were extensively deforested, degraded and altered over the 
past decades (Biswas & Choudhury 2007; Choudhury & Hossain 2011; Gain 2002; Islam & Sato 
2012). Overexploitation of the forest resources, population booming, increased demand of fuelwood 
and energy, conversion of forest lands to agriculture and other competing commercial uses were some 
of the major causes among others which led to massive destruction of forests (Alam et al. 2008; Safa 
2004). At present, Bangladesh is one of the least-forested countries in the world with 11.2% of its 
total land area under forest cover, whereas the world average is 30.8% with Surinam topping the list 
with 98.3% (World Bank 2017). It is likely that DFD in Bangladesh will continue in future and the 
country’s forest resources may disappear by next 30-40 years or earlier if appropriate actions and 
conservation strategies are not undertaken (Nishorgo Network 2014). 
After fossil fuel burning, DFD is the second largest contributing source of amassing CO2 in the 
atmosphere (van der Werf et al. 2009). As a result of DFD, Greenhouse gases, mainly CO2 is released 
to the atmosphere. In the face of increased DFD across countries, Reducing Emissions from 
Deforestation and Forest Degradation (REDD+) emerged as an important post-Kyoto (1997) climate 
change mitigation initiative, under negotiation by the United Nation’s Framework Convention on 
Climate Change (UNFCCC). REDD+ is aimed at providing financial incentives to the developing 
countries to conserve carbon by reducing emission from their forests, enhance carbon stock in the 
forest vegetation, and invest in low-carbon pathways for enhanced forest management and sustainable 
development (Ball & Makala 2014). REDD+ has become an important field of research in the area 
of climate change mitigation and forest conservation in recent times (Skutsch et al. 2007). It can 
simultaneously address climate change and rural poverty while conserving biodiversity and 
sustaining vital ecosystem services (Miah, 2012). REDD+ programme is an opportunity for 
developing countries to achieve considerable payments (over US$ 100 billion per year) (Holmgren 
2010), which can be spent for forest conservation (Berry et al. 2009).  
To qualify for the financial incentives under REDD+, countries are required to 
Monitor/Record/Measure, Report and Verify (also called MRV) the amount of carbon  stored in their 
terrestrial sinks like forests in a consistent, transparent, comparable, complete and accurate manner 
following guidelines prescribed by the Intergovernmental Panel on Climate Change (IPCC), an 
international scientific body under the auspices of the United Nations (UN) (Havemann, Negra & 
Ashton 2009). The amount of anthropogenic Greenhouse gases emitted to the atmosphere (per unit area 
of DFD in a particular year) is measured by multiplying activity data with emission factor (activity data 
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× emission factor) (IPCC 2006b). For REDD+ activities, activity data refers to the Land-use/landcover 
(LULC) area change data, expressed in ha/year (The REDD Desk 2018). It also includes the trends 
of LULC change (location, spatial extent and rate). The emission factor is the amount of Greenhouse 
gases emission (loss of carbon) per unit area of forest cover loss or degradation of a specific forest type 
(GFOI 2014). Hence, a REDD+ project has two main baseline components; a LULC change 
component and an associated carbon change component (VCS 2008). Thus, preparation of a REDD+ 
project involves two main work areas; 1. Producing the activity data of historic DFD and 2. Estimating 
the emission factor (or removal factor) of DFD. Activity data and emission factor are two principal 
input components of the MRV system of REDD+. Undertaking MRV is one of the most important 
challenges for implementing a REDD+ project at country level (Holmgren 2010). Performing MRV 
using remote sensing technology is the best-recommended IPCC tier (Tier 3) for activity data 
development than two others (Tier 1 and 2), which are ground-based.  IPCC (IPCC 2006b) also 
described three approaches (not Tiers) for developing activity data, amongst which the third one 
(Approach 3), which includes tracking changes in the LULC categories in a spatially explicit manner, 
undoubtedly via remote sensing technology, is the recommended approach to adopt (FCMC 2013). 
Interest and awareness of the developing countries to get through the REDD+ mechanism is increasing. 
Several REDD+ pilot projects have been established in countries across tropics (> 80%) and subtropics 
(Carlson & Curran 2009; Forest Carbon Portal 2014). Like other developing countries, Bangladesh can 
benefit from the REDD+ program. To avail the REDD+ incentives, countries have obligations to 
prepare national-level data on emission reduction of carbon following minimum standards, e.g. the 
IPCC good practice guidelines. REDD+ readiness of the countries can be evaluated by their 
performance to develop a cost-effective, robust and compatible systems for MRV (Engel et al., 2010). 
In Bangladesh, few studies discussed the country’s potential to avail the opportunity of REDD+ 
finance for some socio-economic and social-upliftment aspects (Miah 2012; Miah et al. 2014). 
However, the challenge is to quantify the pattern and rate of historic DFD, and subsequent change in 
forest carbon, as part of MRV, using remote sensing technology. In addition, analysis is required to 
identify and separate changes in forests caused by anthropogenic and natural causes in a spatially-
explicit manner (Hansen et al. 2013). 
This study demonstrates the feasibility of using open-source satellite images to quantify the activity 
data for DFD for a possible REDD+ project in Bangladesh. Although reporting and verification are 
also part of MRV, this research concentrated only on the measurement and monitoring portion of activity 
data development as reporting and verification are activities that are more likely to be operated at the 
country/national level. Specific objectives include, a) developing a remote sensing approach to 
accurately quantify the activity data for both deforestation and forest degradation b) examine the 
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feasibility of using freely available medium-resolution Landsat data to detect pattern and rate of DFD 
and c) demonstrating, as a pioneer study in Bangladesh, how activity data can be incorporated into a 
REDD+ project.  
 Research approach 
Activity data for deforestation and forest degradation indicate the extent and rate of human activities 
on forest. However, as the definition of deforestation and forest degradation are many and varied, and 
none are universally accepted (which was detailed in the literature review Chapter 2, Section 2.2.2 
and 2.2.3), we conceptualized, estimated and mapped the activity data for the entities conforming 
with their definitions given by IPCC. According to the IPCC good practice guide (IPCC 2003b), the 
activity data for deforestation is the sum of transitions of forest class to non-forest land-use/land cover 
classes. The activity data for forest degradation is the sum of the transitions of one stratum of the 
forest to another stratum of the forest (Table 4-2). 
Thus, in the process of remote sensing estimation of activity data for both deforestation and 
degradation, a series of landcover maps (with several forest and non-forest strata) and corresponding 
change maps (including change statistics) with a number of intervals were produced using times series 
Landsat satellite images. The maps provided the spatial extent/location of deforestation and 
degradation (separately), while the change statistics provided the amount and rate of change. The 
latest map acts as the ‘benchmark map’ with respect to which all other future activity data are 
prepared.  
The outline of the major work-steps recommended being followed for quantifying the activity data 
have been described with graphical illustrations (Figure 4-1) (GFOI 2014; GOFC-GOLD 2014; 
Walker et al. 2013).  
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-Deforestation (e.g. by clearcutting)
-Degradation (e.g. by selective illegal logging)
-Assigning areas deforested or degraded 
of each strata with activities/drivers
-Detailed documentation of the 
methodological procedures
-Landsat TM, OLI images
-Shape files e.g. forest boundary, forest types
-Field data collection
-Image spectral unmixing using  Claslite algorithm
-Applying knowledge-based classification 
approach
-Creation of forest/ non-forest maps and LULC 
maps 
-Deforestation (from forest to non-forest 
e.g. cropland, grassland)
-Degradation (from one forest strata to another 
e.g. from natural forest to planted forest)
-LULC transition maps and statistics
-Creation of reference data
-Map validation using independent reference data
-Error/confusion matrix creation
 Identification of activities/drivers of 
deforestation and degradation
Spatial and non-spatial data 
collection and creation
Accuracy assessment of LULC maps
Documentation
Forest stratification and LULC maps 
preparation 
Producing LULC change maps and 
statistics
 
Figure 4-1: Steps followed in estimating the activity data for deforestation and forest degradation 
 Study area 
This study was conducted in the forests of Raghunandan Hill Reserve, including Shahjibazar Rubber 
garden, located at Habiganj district in Bangladesh. As per the boundary shapefile (BFD 2001), the 
reserve and the Rubber garden extends over an area of 6143 ha (not to be considered official). The 
reserve is under the jurisdiction of Bangladesh Forest Department, whereas the rubber garden is 
managed by the Bangladesh Forest Industries Development Corporation. Geographically, 
Raghunandan Hill Reserve is surrounded by a number of tea estates and tea gardens longitudinally 
on both eastern and western sides (Figure 4-2). The rubber garden is located on the northern end 
contiguous to the tea estate, local villages, offices, bazars, and agricultural lands. The southern end 
of the reserve (Satchari beat) borders with the Indian state of Tripura, which is also the international 
border of India and Bangladesh. Human settlements and villages are situated at varying distances 
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from the periphery of the reserve. A few small human colonies, including the Tripura tribal 
community, are located inside the reserve (Satchari).  
 
Figure 4-2: Raghunandan Hill Reserve forest with the surrounding Mouzas5 (land unit). T.E. and T.G. 
in the nomenclature of land units refer to Tea Estate and Tea Garden, respectively. Shapefiles were 
obtained from the Bangladesh Forest Department (BFD 2001) 
Raghunandan Hill Reserve is one of the oldest established reserved forest of greater Sylhet region 
(division), and of Bangladesh, dating back to 1914 in the British Era, when the local settlement officer 
initiated the process of reserving the forest lands from settlement and jhum (slash and burn 
agriculture) (Choudhury et al. 2004). Lawfully, the forest was then declared reserved as per the 1878 
Forest Act and the 1898 Assam Forest Manual. In fact, forest management activities in the greater 
Sylhet region incepted from the Satchari area of Raghunandan reserve. The reserve possesses patches 
of natural/modified natural forests and plantations. Although the exact age of the presence of forest 
vegetation in this area cannot be determined, portion of the petrified trees (fossils) abundantly found 
                                                 
 
 
5 A Mouza is the lowest administrative unit with its well-demarcated cadastral map and a separate jurisdiction list number 
(J.L No) in revenue records. A Mouza is different from the local village as it may consist of one or more villages. 
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in the forest floor, especially on the stream beds and sides, exposed from underneath of soils and 
rocks due to erosion, indicate that the forest is in fact ‘very old’ if not thousands or even millions of 
years.  
More information regarding the study area, including the species composition was provided in 
Section 3.1 of this document. 
 Identification of activities/drivers of deforestation and degradation 
Degradation of tropical forests takes place due to several man-made and natural activities/drivers 
including selective logging, legal or illegal timber harvesting, fuelwood collection, shifting 
cultivation, expansion of agriculture, intentional forest fire, overgrazing and other land use changes 
(DeFries et al. 2007). Major drivers/activities which were causing DFD at Raghunandan Hill Reserve 
was assessed by interviewing forest users and key informants of the forest department, and by direct 
observation in the field. Moreover, the existing information on the degradation process obtained from 
the secondary sources was cross-checked with the local forest officials and conservation partners (e.g. 
USAID’s Climate-Resilient Ecosystems and Livelihoods-CREL).  
 Spatial and non-spatial data collection and creation 
 Spatial data collection and pre-processing 
For developing activity data for REDD+ MRV, a historic reference period is to be determined. Length 
of this period should be selected considering some factors, including the availability of data and 
relevance of the past to predict the future. In this study, the historic reference period was conveniently 
considered as 1995-2015, although REDD+ prefers this period to be since 2000 as quality remote 
sensing and complementary data are readily available in this period. Normally, the rate of DFD in 
many instances is found to be estimated over a span of ten years (Skole & Tucker 1993), and there is 
no evidence where it is estimated annually or inter-annually, e.g. at every two, four, six-year 
(Sánchez-Azofeifa et al. 2009). To prepare the activity data, in this study, we analysed the spatial data 
for two ten-year intervals of the historic period, that is, 1995-2005 and 2005-2015.  
Suitable Landsat images for 1995, 2005 and 2015 were downloaded from the USGS glovis website 
and pre-processed. The procedures of downloading images and pre-processing operations performed 
were described in details in Section 3.2 and Section 3.3, respectively.  
For preparing maps of the study area and carrying out post-classification GIS analysis, several other 
spatial data layers (shapefiles) including forest boundary, roads, landcover, streams and settlements 
were used and obtained from the state-owned Bangladesh Forest Department free of cost.  
47 
 
Landsat images mages and other data layers were projected to Universal Transverse Mercator (UTM) 
projection with datum WGS-84, zone 46 N. Downloaded individual bands of each Landsat scenes 
were layer-stacked using ENVI 5.3.  
Table 4-1: Landsat images of various years used in detecting deforestation and forest degradation  
(DFD) at Raghunandan Hill Reserves 
Satellite/Spatial 
data 
Path/ 
Row 
Acquisition 
date 
Cloud 
(%) 
Use Source 
Landsat (OLI) 136/ 
43 
10 Mar 2015 0.5 Classification Open-source (USGS 
glovis /Earth 
Explorer) 
Landsat TM 136/ 
43 
10 Mar 2005 3 Classification As above 
Landsat TM 137/ 
43 
10 Mar 1995 53 Classification As above 
Google 
Earth/Collect 
Earth6 
 
- 
14 Dec 2004 
26 Feb 2014 
 
- 
Validation DigitalGlobe/Bing 
image 
*Ancillary 
spatial data 
- 2001 - Map creation Bangladesh Forest 
Department 
* Shapefiles of forest boundary, roads, landcover, streams and settlements 
 Non-spatial/field data collection and processing 
 Field campaign 
For image classification and validation, 223 random field points were selected and surveyed using a 
stratified adaptive sampling technique with strata based on LULC type.  The number of the field 
points in each forest type was proportionate to its size (Table 4-6). The field points were spread across 
all forest beats of Raghunandan Hill Reserve forest. Upon navigation to each point using an iPAQ 
GPS, geographic coordinates and the associated landcover information were recorded. 60% of the 
collected field points were used for image classification, whereas 40% for accuracy assessment 
(Aithal, Vinay & Ramachandra 2013; Munsi, Areendran & Joshi 2012).  
 Collection and processing of forest canopy photographs 
To obtain the percent of forest canopy cover (CC%) of the field points, canopy photographs were 
acquired and processed. Photographs of the forest canopy in 123 random points were taken using a 
                                                 
 
 
6 Collect Earth is available for public use in the Open Foris window of FAO: http://www.openforis.org/  
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canon Coolpix handheld camera (Focal length was 4.3-21.5mm, thus angle of view equivalent to that 
of 24-120mm lens in 35mm format). To cover the forest canopy around each point, five photos (four 
at each corner and one at the centre) were taken. Few photographs were taken using a mobile phone 
(iPhone 4s) as the canon Coolpix was out of charge due to long-term daily use. They were then 
transferred to a computer for further processing.   
The canopy photographs were captured by the Coolpix general digital camera rather than using a 
fisheye lens camera, which is very expensive (Goodenough & Goodenough 2012). CanopyDigi, a 
freeware, is capable of processing normal digital canopy photographs to provide canopy cover in 
percent. CanopyDigi software can analyze only monochrome/greyscale BMP (Monochrome Bitmap 
Photographs) format photographs with a resolution of 640*480 pixels.  BMP file format has to be 
fixed in such a way that all the photographs have constant file size and pixel number and contain all 
the information needed for the analysis. Canopy photographs can be taken in the correct format and 
resolution during the capture or can later be transformed using standard software, e.g. Paintshop Pro 
or ReaConverter Pro. Not all the field photographs of forest canopy could be taken in the correct 
format which CanopyDigi could process. Hence, they were later converted to 640*480 resolution 
monochrome format. In the process, firstly each of photos was cropped to 4:3 ratio using FastStone 
Image Viewer 5.5, a freeware with a user-friendly interface. The ratioed photographs were then 
resized separately to 640 pixels in width and 480 pixels in height using the resize function. To convert 
the ratioed and resized photographs to monochrome/greyscale BMP format, ReaConverter 7 Pro was 
used. ReaConverter rendered the ratioed and resized canopy photographs to greyscale BMP format. 
Importantly, in the ‘edit images’ tab of the ReaConverter, various options of black and white 
conversion are available. However, the ‘greyscale’ option should be chosen before conversion as 
CanopyDigi can only process the greyscale BMP image. Converted greyscale BMP photographs of 
each plot were then added to the CanopyDigi to find CC% for each photo.  
Pixel values of the BMP format photographs comprise 256 shades of grey, ranging from black (0) to 
white (255). When a particular threshold value is applied to a BMP photograph in CanopyDigi and 
run, pixels of the photograph comprising of possible 256 shades of grey are categorized into ‘canopy’ 
and not-canopy or ‘sky’. Pixels containing the forest canopy possess darker shades of grey (canopy 
pixels) while pixels without the forest canopy possess lighter shades of grey (sky pixels). The 
software then counts the number of each category of pixels and expresses the canopy cover for that 
photograph in percent. From each monochrome BMP photograph and for a given threshold value, 
CanopyDigi provides eight false-colour images where the ‘canopy’ pixels are coloured blue, and the 
‘sky’ pixels are coloured red. 
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Figure 4-3: Two sets of false-colour images (with eight images in each set) output from a single 
canopy photograph in the CanopyDigi. Top set was obtained applying the default threshold values 
(125, 135….195) in a canopy photograph and the bottom set was obtained applying the user-defined 
threshold values (75, 85….145) in the same canopy photograph. Blue in each image indicates the 
canopy pixels, while the red indicates the sky pixels. Percent canopy cover (CC%) for each false-
colour image, as shown in the small yellow box in each image, depended on the threshold value of 
the input. For example, for the input threshold value of 125 for a particular canopy photograph, the 
CC resulted was 60%; for 135, 62%, and so on 
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The CanopyDigi has two main operational windows, namely the ‘CanopyDigi Threshold Set’ 
window and the ‘CanopyDigi Threshold Choose’ window. In the threshold set window, each 
photograph is converted to equivalent false-colour images at eight different threshold values (min 1, 
max 254). The threshold values largely affect the estimate of canopy cover for any photograph (Figure 
4-3). Though there is a set of default threshold values (125, 135, 145, 155, 165, 175, 185, 195) in 
CanopyDigi, they are in fact set arbitrarily by performing a number of trial and error by the user so 
that canopy pixels can be correctly separated from the sky pixels for any BMP photograph, and 
photographs processed using various thresholds can still be correctly compared (Help file, 
CanopyDigi, p6). In the threshold choose window, eight false-colour images resulting from the BMP 
photograph analyzed in the threshold set window are visually examined to determine the best possible 
threshold. Especially when the canopy gaps in the photographs were overcast by dense cloud, the 
usual threshold did not work well, and the clouds were misclassified as a canopy, thus gave too much 
overestimate of canopy cover for that particular photograph. In those cases, assigning a lower level 
of threshold values (e.g. 50 to 100) estimated canopy cover more accurately (Figure 4-3). For most 
of the photographs, false-colour images resulting from the threshold values 95-125 (e.g. 95, 110, 125) 
seemed to produce better estimates of canopy cover when compared to the original photographs. 
However, these estimates were close to each other. Hence it was difficult to decide which threshold 
produced the best estimate. To avoid that confusion and human error, three best estimates of canopy 
cover resulted from any three arbitrary threshold values between 100 to 125 were picked and put in 
MS Excel to get the average value of canopy cover per photo. The process was repeated for each 
canopy photograph separately. The average value of five photographs in each plot was calculated in 
MS Excel to get the average value of canopy cover for each field plot in percent.  
The threshold of CC% for a land to be a forest varies in the definitions of forests given by various 
organizations (FAO 2004; UNFCCC 2002). IPCC (in its 6th Conference of the Parties) left flexibility 
in selecting the threshold of CC% to any figure between 10-100%, subject to national circumstance. 
However, most countries now consider at least 30% canopy cover to define forest (Achard et al. 
2007). Bangladesh Forest Department adopted the FAO definition of forest in its national forest and 
tree resources assessment 2005-2007 done jointly with FAO (BFD 2007), which regards a 10% CC 
threshold to be a forest. Acknowledging the above facts, present study regarded CC threshold for the 
forest to be 15%, a value slightly up than the lower threshold of FAO. 
To distinguish the forest from the non-forest (deforestation), field-measured CC% was regressed with 
the photosynthetic vegetation (PV) fraction values obtained from fraction analysis of Landsat image 
(Figure 4-9). The obtained regression relationship was then used to separate forest class with 15% 
CC. 
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 Forest stratification and LULC maps preparation 
 Defining LULC classes 
To produce LULC maps for the activity data, images are needed to be stratified (classified) to several 
landcover classes. Stratification is the division of the area of interest of the image into smaller areas 
or units (e.g. a map class or administrative units) (FAO 2016). For REDD+, the main objective of 
stratification is to get homogeneous units of forest in terms of biomass density/carbon stock. 
According to IPCC guidelines (IPCC 2003b), a landcover map may include certain categories 
including Forest land, Cropland, Grassland, Wetlands, Settlements and Other land. According to FAO 
(FAO 2012), forest land can be categorized/stratified as primary forest, modified natural forest, 
planted forest or other sub-strata depending on local forest management regime (Table 4-2). There 
may be other sub-stratification of forests depending on forest type and disturbance and management 
regimes (GFOI 2014). To qualify for a REDD+ project, the LULC maps resulted from image 
classification should include these landcover classes or any subclass practised by local forest 
management.  
In the light of the above-mentioned IPCC and FAO classification, as well as classification used by 
the Bangladesh Forest Department in case of the existing LULC thematic map of the study forest 
(BFD 2001), eight LULC categories were delineated, of which five were forest classes/strata and 
three non-forest classes (Table 4-3). 
 Table 4-2: Image classification should include the following categories/classes for deforestation 
activity data according to IPCC 
Landcover type Landcover maps to be produced of 
 
 
Forest 
Primary forest 
Modified natural forest 
Planted forest 
Other sub-strata depending on the local 
forest management regime 
 
 
Non-forest 
Cropland 
Grassland 
Wetlands 
Settlements and  
Other land 
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Table 4-3: Description of the LULC classes included in the independent maps 
 Class Names Class Code Description 
F
o
re
st
 
Modified Natural 
Forest (Dense) 
MNFD Natural forest affected by anthropogenic 
disturbances and silvicultural treatment, e.g. 
enrichment planting. Canopy cover >70% 
Modified Natural 
Forest (Medium-
Dense) 
MNFMD Natural forest affected by anthropogenic 
disturbances and silvicultural treatment, e.g. 
enrichment planting. Canopy cover >15% and 
<70% 
Dense Plantation DP The mono or mixed culture of various short and 
long rotation species with canopy cover >70%. 
Medium-Dense 
Plantation 
MDP Mono or mixed culture of various short and long 
rotation native and exotic species with canopy 
cover >15% and <70%.  
Rubber Plantation RP Mono plantation of Rubber trees raised by 
Bangladesh Forest Industries Development 
Corporation  
N
o
n
-f
o
re
st
 
Grassland and Fallows GF Degraded forest areas and fallow lands covered 
mainly by naturally-grown exuberant Sungrass 
(thatching material), vines and bushes.  
Scattered Forest and 
Shrubs 
SFS Land covered by sparse vegetation (dwarf trees, 
perennial shrubs and bushes), often mixed with 
planted seedlings/saplings and coppice regrowth 
from stumps left after logging.  
Non-vegetated Land-
use 
NVL Includes settlement and built-up areas, sand 
deposits in the seasonal canals flowing through 
the reserve, a portion of earthen walkways not-
covered by trees, agricultural land parcels inside 
the forest and exposed soils 
 Forest/non-forest classification by the Claslite algorithm 
For image classification, pixel-based unsupervised and supervised, subpixel-based, and object-based 
approaches are used. In this study, a mixed approach of pixel-based unsupervised classification and 
sub-pixel classification was used to classify Landsat images. 
CLASlite (Asner 2009a), a successive development of the Carnegie Landsat Analysis System 
(CLAS), is a recently developed semi-automated algorithm which can map DFD rapidly  (GOFC-
GOLD 2014). A large number of DFD detection and LULC change studies used image spectral 
mixture analysis in Claslite (Bryan et al. 2013; Carlson et al. 2012; Tritsch et al. 2016). Spectral 
mixture analysis is recommended as the most robust analysis technique for mid-resolution images 
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like Landsat to detect DFD, as pixels belonging to the degraded forests are expected to contain mixed 
pixel problem of component endmembers, for example, green vegetation, non-photosynthetic 
vegetation, and soil and shade (GOFC-GOLD 2014). The output of spectral mixture analysis is a 
fraction image of the endmembers.  
In quantifying the activity data for both deforestation and degradation, forest areas were firstly 
separated from non-forest areas (GFOI 2014) classifying the Landsat images for all years using 
spectral mixture analysis (Automated Monte-Carlo Unmixing) in Claslite7 algorithm. Claslite 
algorithm works in four consecutive steps; a) radiometric and atmospheric correction of the images, 
b) mask out the cloud, water and shadows from the image c) unmixes the image to produce fraction 
images of endmembers, and d) produces forest map based on single date image and DFD map based 
on interval images. The algorithm unmixes a Landsat image to three fraction images (endmembers), 
namely photosynthetic vegetation (PV), non-photosynthetic vegetation (NPV) and bare substrate (S) 
% cover in each pixel (Figure 4-8). Claslite applies a decision-tree algorithm in the fraction images 
to separate forest areas from non-forest areas. Areas with PV > 80%  and S<15% were designated as 
forest in the decision tree (Asner 2009a; Bryan et al. 2013).  
The Claslite algorithm can map deforestation and degradation directly as the final output in the 
process. However, as IPCC recommended quantifying DFD as the transition of LULC classes (forest 
to non-forest and forest to forest class), direct mapping approach of DFD was discarded. Rather, the 
Claslite algorithm was applied only to separate the forest from the non-forest. A detailed description 
of the procedures to be followed for performing various operations in Claslite classification of LULC 
can be found in the Claslite User Guide (2016).  
During processing, Claslite algorithm masks out the areas of clouds and cloud-shadows from each 
image. As a result, the usable portion of the image gets reduced. Study area in the 2015 image was 
totally free of cloud and shadow; hence, no portion of that image was masked by Claslite. However, 
a very small portion of 1995 and 2005 images was masked as clouds and cloud-shadows. Claslite 
outputs the masked areas of clouds and cloud-shadows as polygons. To address the issue of masked-
out areas in images, forest non-forest raster images outputted in Claslite were vectorized. In 1995 and 
2005 image vector files, polygons of clouds and cloud-shadows were recoded to forest gridcode if 
they appeared forest in 2005 and 2015 images respectively by visual interpretation, otherwise to non-
                                                 
 
 
7 Claslite-A user-friendly forest monitoring technology (http://claslite.carnegiescience.edu/en/) 
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forest gridcode. All vector layers were then finally reclassed as 1. Forest and 2. Non-forest cover 
classes (Chicas, Omine & Saqui 2016).  
Raw Landsat imagery
(1995, 2005, 2015)
Monte Carlo spectral 
unmixing in 
Claslite
Fraction image
(of 3 endmembers 
PV, NPV & S)
Decision tree 
classification
Reflectance imagery
(1995, 2005, 2015)
Template preparation 
for Claslite
(Masking cloud, 
shadow, atm. & radio. 
correction)
Forest and non-forest 
maps
(2 classes)
Knowledge of the 
study area
Photosynthetic 
Vegetation (PV)
Ground canopy 
photos
Regression analysis
Ground reference 
data
Forest strata 
(MNFD, MNFMD, DP, 
MDP, RP)
Geospatial analysis
Forest image Non-forest image
Canopy cover 
by CanopyDigi
Canopy cover image 
(%)
Expert classification/
stratification
Non-forest LULCs 
(Sungrass, shrubs & 
bare land)
Image Visual 
examination
LULC maps
(1995, 2005, 2015)
Post-classification 
analysis
Activity data of deforestation
(Transition from 
forest to non-forest)
Activity data of degradation 
(Transition from 
one forest stratum to another)
Pre-processing Landsat 
image (1995 2005, 2015)
Reflectance images
LULC Transition matrices
Google earth image
Accuracy 
assessment
Claslite approach Manual approach
 
Figure 4-4: Steps involved in the geospatial analysis of activity data preparation for DFD 
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 Post-Claslite unsupervised classification  
To produce LULC maps, forest and non-forest classes resulted from Claslite algorithm were further 
classified to five forest strata and three non-forest classes respectively (Table 4-3), using pixel-based 
unsupervised classification approach followed by labelling. A maximum number of ISO 
clusters/classes (Figure 4-5) with a minimum size of 5 pixels and a sample interval of 10 pixels were 
created for both forest and non-forest (Figure 4-5). The classes were then reclassified to five and three 
classes respectively on the basis of developed image interpretation keys. The overall approach of 
image interpretation was, in fact, an expert unsupervised classification where labelling of the classes 
was done based on visual interpretation, existing LULC thematic map, on-screen digitization, field 
data, spectral characteristics, vegetation indices (mainly NDVI and EVI), knowledge of the study 
area, fraction images resulted from Claslite, and high-resolution images from Google Earth. During 
this classification and labelling, knowledge of object (class) locational, textural and contextual 
information along with phenological variation and association were considered and utilized (Reddy 
et al. 2016a). For example, the modified natural dense forest was distinguishable from the modified 
natural medium-dense forest in the image which showed a shift in spectral reflectance (Margono et 
al. 2012) due to canopy disturbance caused by natural or anthropogenic causes. Few 
misclassifications errors that were found in the independent maps were rectified manually. At the end 
of this step, LULC maps with eight cover classes for each year image (1995, 2005 and 2015) were 
obtained. 
 
Figure 4-5: An exemplary 12-class ISO cluster/strata of 2015 non-forest image labelled down to three 
final classes following the interpretation keys 
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 Accuracy assessment of LULC maps 
Reporting the level of accuracy of the produced maps is essential for use and documentation. 
Accuracy assessment refers to the comparison of the produced map with real-world land cover. The 
accuracy of the independent LULC maps resulted from image classification were assessed producing 
error matrix (Congalton 1991; Congalton & Green 2009; Rosenfield & Fitzpatrick-Lins 1986). For 
the error matrix, independent reference/validation data sets were used. Reference data generally 
comes from three sources; field survey, finer resolution image and more accurately classified images 
or maps (Sannier et al. 2014). In our case, the reference data came from the field points and high-
resolution images from Google Earth/Collect Earth.  
There was a nearly one-year gap between the acquisition dates of 2005 and 2015 Landsat image used 
for classification and the corresponding Google Earth images used for reference data creation (Table 
4-1). No abrupt changes in the vegetation or land-use due to natural or man-made causes were 
reported at Raghunandan during that time. A sharp contrast in the phenology and physiognomy of the 
forest vegetation due to natural growth was also not expected.  Hence, the possible difference in the 
land-use of the classified Landsat image and reference Google Earth image due to the temporal 
difference of acquisition was assumed to be minimal and not affecting the validity of the accuracy 
assessment.  
In sampling reference data, adoption of a statistically valid sampling procedure is important. Field 
reference data were collected using a stratified adaptive sampling scheme to minimize field cost. 
However, for Google Earth reference data, the sampling scheme was always stratified random with 
strata based on LULC class (Olofsson et al. 2014). Generally, larger the sample size, better the 
precision. Few important considerations in determining sample size are accuracy, cost and workload 
(Anderson et al. 2017). In the case of a stratified random sampling of LULC classes, sample number 
could be calculated using the equation given by Cochran (1977). Olofsson et al. (2014) however 
suggested a simplified approach of using 50-100 samples per LULC class using variance estimator 
of user’s accuracy (equation 6 in the main article), which was originally based on (Cochran 1977). 
The total sampled area covered by eight LULC classes was 6143 ha in the Landsat images. For 
accuracy assessment of 1995 and 2005 single LULC maps based on above considerations, 450 sample 
points were created using stratified random sampling approach with strata based on (eight) LULC 
classes, using the Hawth’s tool8 extension in ArcGIS. However, for the 2015 LULC map (current 
                                                 
 
 
8 Beyer HL: Hawth's analysis tools for ArcGIS 2004. Internet website: http://www.spatialecology.com/htools, Accessed 
in 2016. 
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map), 89 (40%) reference points came from the total 223 field points selected randomly, and the 
remaining 361 points were from Google Earth. 89 field reference points were allocated to the 2015 
LULC classes proportionate to their size (Table 4-6). The samples were created for 1995, 2005 and 
2015 maps separately (Olofsson et al. 2011). Of the total 450 sample points for each map, each of the 
eight LULC classes was allocated at least 50 sample points (50x8=400) while the remaining 50 were 
allocated to all classes proportionally to their size (Table 4-6). None of the LULC classes in the 
classifications was found rare in terms of their size.  
After creating the random points in ArcGIS, they were saved in kmz format (.kmz) and exported to 
Google Earth. The points overlaid on the high-resolution images in Google Earth, where the 
associated LULC type was clearly visible.  Each of the random reference points was visited one by 
one, and the respective class name/code was recorded by visual observation. In case of 1995 map, 
accuracy was assessed by visually classifying the random points from the raw Landsat image to one 
of the eight LULC classes (Carlson et al. 2012; Li et al. 2016; Parihar et al. 2013), as quality Google 
Earth data were not available before 2000. High-resolution images became public after the launch of 
IKONOS satellite in 1999. Before that, aerial photographs were a unique source of forest monitoring. 
High-resolution Google Earth images of the study site were only available for the post-2000 era.  
For each error matrix, overall, user’s and producer’s accuracies (Story & Congalton 1986) and Kappa 
statistic (Lillesand, Kiefer & Chipman 2015) were calculated. 
 
Figure 4-6: Reference data collection from the Google Earth for LULC map validation  
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 Producing LULC change maps and statistics 
 Change detection 
Two approaches are generally used to estimate the rate of deforestation and degradation; hotspot and 
wall-to-wall (i.e. having complete spatial data coverage with time series consistency at the pixel 
level). In this study, the wall-to-wall approach was adopted as Landsat data provides complete 
coverage of the study forests at Raghunandan.  
For a REDD+ project, forest change maps are developed by applying a suitable change detection 
technique (GOFC-GOLD 2014). Post classification comparison is one of the most common and 
simple change detection approaches  (Jensen 2005). Although post-classification comparison 
approach has limitations of  propagation of location and attribute errors (Zhang et al. 2002), and 
requirement of highly accurate independent maps (Fuller, Smith & Devereux 2003; Yuan et al. 2005),  
it has the potential to efficiently provide the accurate location, pattern and rate of changes of land-use 
classes (Hardin, Jackson & Otterstrom 2007; Howarth & Wickware 1981; Singh 1989). Moreover, 
as it compares maps of two independently classified images, environmental and atmospheric effects 
on the classification between two dates get minimized (Hussain et al. 2013).  
In this study, the post-classification comparison change detection technique was used to analyse 
changes and transitions in LULC classes during 1995-2005, 2005-2015 and 1995-2015. Two 
independently produced LULC maps of each time-pairs were overlaid by intersection geoprocessing 
tool in ArcMap. Area of transition between LULC classes of the two dates was calculated using the 
field calculator in a column of the attribute table. The attribute table was then exported to MS Excel 
for preparing the transition matrix. A transition matrix, similar to the error matrix, is a contingency 
table showing the areas of LULC classes as before and after map and their ‘to the class’ and ‘from 
class’ transitions. A transition matrix in Excel is obtained by building a pivot table with before map 
(e.g. 1995) in the row and after map (e.g. 2015) in the column. Deforestation (activity data) is the 
annual transitions of forest classes to non-forest classes (Table 4-4). The annual transition of forests 
from one stratum to another constitute the estimate of degradation (Table 4-4).  
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Table 4-4: Conversion of forest to non-forest (activity data of deforestation) and Transition of the 
forest from one stratum to another forest stratum (activity data of degradation) 
 Conversion from (class) Conversion to (class) 
D
ef
o
re
st
at
io
n
 Modified Natural Forest Dense 
  
-Non-forest  
(Scattered forest and shrubs, grassland and 
fallows, and non-vegetated land-use) 
Modified Natural Forest Medium-dense -Non-forest 
Dense Plantation -Non-forest 
Medium-dense Plantation -Non-forest 
Rubber Plantation -Non-forest 
F
o
re
st
 d
eg
ra
d
at
io
n
   
Modified Natural Forest (Dense) 
 
-Modified Natural Forest Medium-dense and 
Plantations 
Modified Natural Forest (Medium-dense) -Dense and Medium Dense Plantations 
Dense Plantation -Medium Dense Plantation 
Non-vegetated Land-use 
 
-Plantation or natural expansion within 
managed areas 
 Change statistics and rate 
A number of further calculations including total class area (ha), relative change (%), gross gain/loss 
(ha), net change (ha), and change rate (%Yr-1) were done in the contingency table in Excel.  
Relative change (%) of a class was calculated by the formula, (Final – Initial)/Initial*100. Gross 
gain/loss (ha) were calculated by the difference between initial and final values (area) of a particular 
class in two dates positively (gain) or negatively (loss). Net change (ha) was the positive or negative 
difference between gross gain (ha) and loss (ha).  
Several formulas are available for calculating the rate of LULC change, especially of deforestation. 
DFD rate can be reported based on a single year or interval of years. For single-year basis, it can be 
in per year unit. However, in case of interval of years, rate should be reported for the whole period of 
time of analysis using the formula of Puyravaud (2003), which was successfully used by a growing 
number of DFD studies (Aguilar-Amuchastegui, Riveros & Forrest 2014; Reddy et al. 2016a; Reimer, 
Asner & Joseph 2015; Sudhakar Reddy et al. 2017) and can be used for REDD+ purpose (Reimer, 
Asner & Joseph 2015; RRDC 2012). It applies a correction factor to express the rate in percent per 
year (FCMC 2013).  The formula is expressed as:  
 Deforestation/degradation rate r = [
1
𝑡2−𝑡1
Ln
𝐴2
𝐴1
] *100 Eq. 4-1 
where r is the annual rate of change (in % yr-1), t1 and t2 are the beginning and end of interval years of 
analysis, and A1 and A2 are areas of LULC in year t1 and t2 respectively.  
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Expression of the rates in percent per year makes comparison universal and independent of locations 
and scales (Reimer, Asner & Joseph 2015). FAO (1995) calculates deforestation rate using another 
formula, however, both FAO’s and Puyravaud’s formula were very similar (difference 10-6) (Aguilar-
Amuchastegui, Riveros & Forrest 2014) and the later one was conveniently used in this research. 
Rates of transitions of LULC classes, including deforestation calculated using Puyravaud’s formula 
were shown at the bottom of each transition matrix. However, calculated rate LULC change should 
not be treated with high confidence as they were based on only three discrete points in time.   
The area of each landcover classes (activity data) and rate of landcover change including DFD were 
measured and expressed in a hectare (ha) and hectare/year (ha/yr-1) respectively, which are 
commonly used units of measurement in the relevant IPCC and FAO documents. 
 Accuracy assessment of LULC change maps 
Achieving high precision in mapping fine to medium scale variation over larger areas using image 
classification only is nearly impossible to achieve; hence the scale pattern and direction of changes 
mapped should be verified with intelligent approaches (Fuller, Smith & Devereux 2003). As a general 
practice, the expected accuracy of the post-classification comparison change map is calculated by 
multiplying classification accuracies of individual maps with independent classification errors 
(Fuller, Smith & Devereux 2003; Sirikulchayanon, Sun & Oyana 2008; van Oort 2007; Yuan, Elvidge 
& Lunetta 1998). But the independent error is an unjustifiable assumption as areas which were 
difficult to classify in one date would possibly be difficult for another date as well (Congalton 1988). 
Hence, the overall accuracy reported for the individual maps of each date is unlikely to be informative 
for the overall accuracy of the post-classification comparison changed maps (Olofsson et al. 2013). 
Although the error matrices of the independent single LULC maps might show very high accuracies, 
they do not give any information regarding the accuracy of gross changes of LULC classes, e.g. gross 
loss or gain of forest (Olofsson et al. 2013). A more precise approach for reporting the accuracy of 
change maps is the creation of random points in the change/no change classification areas and 
examining if the change really took place in those locations (Fuller, Smith & Devereux 2003).  
Table 4-5: Validation sampling scheme for 1995-2015 forest non-forest change map 
Class name Area (ha) 
Fixed sample  
(no) 
Proportional to  
area sample (no) 
Total  
(no) 
Deforestation 500 50 20 70 
Forest Gain 636 50 26 76 
Stable Forest 1578 50 13 63 
Stable Non-forest 3429 50 141 191 
Total 6142 200 200 400 
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As this study focused mainly on accurately detecting the activity data of DFD, the accuracy of the 
forest non-forest change map was determined using sample-based reference data. Forest non-forest 
maps of 1995 and 2015 resulted from the Monte Carlo unmixing in Claslite were overlaid with each 
other in ArcMap to produce four cover classes viz. 1. Deforestation (forest loss) 2. Forest gain 3. 
Stable forest and 4. Stable non-forest. For accuracy assessment of the 1995-2015 forest non-forest 
(deforestation) change map comprising of four classes, similar approach (as described earlier) was 
applied to create a total of 250 sample points with at least 50 in each class (50x4=200), the remaining 
samples being proportionately allocated to all classes based on their size (Table 4-5). The reference 
points were exported to Google Earth, and each of the locations was examined if the change took 
place visiting pixel-by-pixel on high-resolution images in Google Earth. The reference data and the 
classified data were transformed to a sample-based contingency table or error matrix with the 
reference data on the column and classified data on the row in Excel. The user’s, producer’s and 
overall accuracies were calculated on that error matrix (Table 4-16). 
Confidence interval (CI) is not commonly used for map accuracy assessment (Kelly & Kelly 2014; 
Olofsson et al. 2013). However, a parameter estimate used in accuracy assessment (e.g. user’s 
accuracy) without a CI might be misleading, as it provides an impression of certainty which might 
not be the case (Anderson et al. 2017). Hence, it was recommended that estimates of parameters used 
in accuracy assessment of maps should be accompanied with a CI (Foody 2004; Olofsson et al. 2013; 
Strahler et al. 2006), as it gives a range of values of the estimated parameter along with margin of 
error (confidence interval) in estimation. The sampling variability of the reference estimate should, 
therefore, be reported as the standard error of estimate (Olofsson et al. 2014). For that, the error matrix 
should be reported in terms of area proportions (estimated proportions of the area) in the cell entries 
and not in terms of sample count (Olofsson et al. 2014). The error-adjusted area of forest loss 
(deforestation), forest gain, stable forest and stable non-forest along with the user’s, producer’s and 
overall accuracies of the forest non-forest change map were estimated following Olofsson et al. 
(2013) and Olofsson et al. (2014), two highly-referred documents for accuracy assessment of change 
maps for REDD+, and consulting Congalton and Green (2009), which provided detailed exemplary 
numerical demonstrations on how to calculate variance and standard error of LULC classes. 95% CI 
of the point estimate was estimated as (Eq. 4-2):  
 CI= Point estimate ± 1.96*(Standard Error) Eq. 4-2 
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Table 4-6: Allocation of the reference points to various LULC classes for map accuracy assessment/validation 
 1995 2005 2015 
Class Name Area (ha) No Area (ha)  No Area (ha)  
Field point  
No 
Google point  
No 
Total  
No 
Modified Natural Forest Dense 187 52 109 51 191 8 44 52 
Modified Natural Forest Medium-dense 87 51 113 51 64 4 47 51 
Dense Plantation 416 53 464 54 341 12 41 53 
Medium-dense Plantation 751 56 621 55 930 28 30 58 
Rubber Plantation 636 55 624 55 687 7 49 56 
Scattered Forest and Shrubs 928 58 1604 63 1776 6 58 64 
Grassland and Fallows 3069 75 2409 70 2027 21 45 66 
Non-vegetated Land-use 69 51 201 52 127 3 48 51 
Total 6143 450 6144 450 6144 89 361 450 
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 Documentation 
Documentation refers to writing in details the methodological procedures of all operations done from 
beginning to the end of processing remotely sensed data including image pre-processing, 
classification, post-classification analysis and accuracy assessment (VCS 2009). All possible drivers 
or activities of DFD are also listed, and each driver (s) is assigned to a particular area of DFD. DFD 
fronts/hotspots (Sánchez-Azofeifa et al. 2009) are also detected and linked with drivers. 
 Results and discussion 
 Major findings 
During the process of activity data development for any REDD+ project, spatial and non-spatial data 
that must be created (GFOI 2014) include the following maps (1-7) and statistics (8-11) which were 
the major findings of this research. 
1. All LULC categories map (Figure 4-12) 
2. All LULC categories transition map (Figure 4-15) 
3. Forest non-forest map (Figure 4-10) 
4. Forest non-forest transition map (activity data for deforestation) (Figure 4-19) 
5. Forest stratification map (Figure 4-13) 
6. LULC transition between forests and other LULCs map (activity data for deforestation) 
(Figure 4-15) 
7. Transitions within forest strata map (activity data for forest degradation) (Figure 4-16) 
8. Area (ha) of each LULC classes in 1995, 2005 and 2015 (Table 4-8) 
9. Amount of area (ha) transitioned between LULC classes during 1995-2005, 2005-2015 and 
1995-2015 (Table 4-10, Table 4-11, Table 4-12) 
10. Amount of area transitioned between forest and non-forest categories and amongst forest 
strata during 1995-2015 (Table 4-13, Table 4-14) 
11. The annual rate of transition of the LULC categories including DFD (Table 4-10, Table 4-11, 
Table 4-13, Table 4-14) 
 Identification of activities/drivers of deforestation and degradation 
As per the field investigation (through interviewing the fuelwood collectors and forest officials and 
direct field observation), the major activities or drivers causing forest degradation and to lesser extent 
deforestation at Raghunandan Hill Reserve were fuelwood collection and illegal logging of trees. 
Illegal cutting of the trees by individuals or organized poachers and large-scale extraction of fuelwood 
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by villagers are regular activities at Raghunandan forests. Three types of forest dependent local 
community viz. villagers living inside the reserve, local poor people living outside the reserve and 
tea estate labours living in the estate colonies around the reserve were the extractors of fuelwood and 
other forest resources at Raghunandan. Beyond fuelwood collection and poaching, other causes of 
degradation at Raghunandan forests were Sungrass cultivation by lease-holders, forest/grassland fire, 
livestock grazing, lemon cultivation, agriculture, settlement, and unsustainable extraction of forest 
resources (bamboo, fodder, medicinal plants, wild fruits among others) and visitors’ pressure (IPAC 
2012). 
Several other studies also identified fuelwood collection and tree poaching as two key causal elements 
of degradation and fragmentation of Satchari reserve forest, a part of Raghunandan Hill Reserve 
(IPAC 2009; NACOM 2003; Sultana 2007). FAO (2001a) reported that fuelwood was the main forest 
product in Bangladesh. Mukul et al. (2016) reported that the extent of fuelwood collection by local 
communities from Satchari and other adjoining forests were high, whereas, collection of other non-
timber forest products like medicinal plants, plant products (bark, fruits), bamboo, rattan, honey, 
fodder and bushmeat were medium to low or very low. IPAC (2009) reported that the local 
community extract thirteen different kinds of resources from Satchari reserve of which two, fuelwood 
and timber, were extracted at a large scale. Sultana (2007) reported that daily two tonnes of fuelwood 
were extracted from Satchari reserve, and the rate of fuelwood collection was unsustainable.  
By law (The Forest Act 1927), everything (particularly timber and fuelwood) in a reserve forest (or 
protected area) is prohibited unless permitted. However, all kinds of illegal activities went on at 
Satchari (Sultana 2007). The process of fuelwood collection and tree poaching by the community at 
Raghunandan take place in certain ways. The fuelwood collectors are locally known as Pahar Kamla 
(hill labour), adult men and women, come to the access points by local transport early in the morning 
and then work till the afternoon in the forest to collect fuelwood. They carry the load by the shoulder 
(men) or head (women) to those access points to exit by local transport to the markets to sell the 
collections. The men collectors generally collected one to two shoulder loads in a day depending on 
the distance they travel into the forest for collecting. The local Forest Department staff (beat 
officer/forest guards) informed (on personal communication) that the fuelwood collectors were 
generally granted access to the forest for collecting only the windthrown, dead branches of trees as 
fuelwood (Chemonics 2002). However, as observed in the field, many of the fuelwood collectors if 
not most, chop off the young trees in the forest whenever got the opportunity, especially Acacia and 
Mangium trees, and convert the stem to fuelwood in situ. During the field campaign, many incidences 
were spotted sporadically across nearly all the forest beats where the fuelwood collectors/poachers 
were secretly chopping off the trees, especially straight-bole Eucalyptus, for a 5-6 feet long main stem 
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discarding other small branches. The poachers usually carry the logs by the shoulder to a feasible 
access point and lurk in the bush or nearby tea gardens for any local vehicle to get quickly off to the 
forest to markets and safe places (Figure 4-7). Apart from the fuelwood collecting poachers, 
organized gangs are involved in illegal felling of trees at Raghunandan. IPAC (2009) reported that 
these gangs were predominantly from few villages. Local unscrupulous Forest Department staff 
collected Taka (Bangladesh currency) 5-20 as ‘pass-money’ from each fuelwood collectors for the 
access to the forest, although this practice is illegal. Chemonics (2002) reported that they took Taka 
10-15 from the fuelwood collectors for this privilege.  
The intensity of the activities of fuelwood collection and poaching varied with the area or beat. The 
fact that distance and ease of access directly affect the dependence of the local community on forest 
resources is well documented in a large number of studies (Fisher, Chaudhury & Mccusker 2010; 
Gorenflo et al. 2011; Mukul et al. 2016). At Raghunandan, forest beats which were located on the 
north-western side like Shahjibazar might be less affected due mainly to lower dependence of the 
communities on the forest resources and industrialization of the surrounding areas. In these areas, a 
large number of industries and factories, old and new, were established where locals and those from 
other districts were employed. Hence, people living near Raghunandan Hill Reserve might find 
fuelwood collection and illegal logging less lucrative than industry employment. Those communities 
next to beats where fuelwood collection was occurring were mainly the tea estate labourers from the 
tea estate colonies and some villagers. Beats which were located in the south-eastern part of 
Raghunandan especially Satchari and Telmachara were more affected to fuelwood collection and 
illegal logging because of mainly the presence of access vehicle road, nearness from the community 
locations and having more natural forest resources than other forest areas. There are a large number 
of easy-access points to the forests on both sides of the road, the main one being located just a few 
yards away from the main office of Satchari beat. People from villages of Madhabpur and 
Chunarughat upazillas (administrative units lesser than a district) including tea estate labourers from 
surrounding tea estates ventured to the forest through the access road on foot or by local transport. 
Our field investigation revealed that when the hills were open for access, an estimated 200-230 
fuelwood collectors entered daily in Satchari and Telmachara forests. IPAC (2009) reported this 
figure to be about 100-150 people (50-100 on a regular basis), and an able male was extracting 
approximately 75 kg load per day. Chemonics (2002) reported, 150-200 people entered Satchari 
reserve forest, and carried on average 40 kg load per person per day, equalling six tons of fuelwood 
being extracted from that forest each day. Sultana (2007) reported, nearly 60 persons entered Satchari 
National Park (243 ha forest of Satchari reserve forest) in each day extracting on average 35.3 kg 
fuelwood. Approximately 100-150 fuelwood collectors enter the forest through various access points 
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of Shaltila beat on Sunday (the work-off day of the tea labourers) who were mainly tea labourers. On 
other days, it is much less, nearly 15-20 persons. At Shahapur and Jagadishpur beats, fuelwood 
collectors were very less or rare in number as the forests in those beats are degraded and remotely 
located without good access roads.  
  
  
  
Figure 4-7:  A poacher with a 5-6 feet long Eucalyptus log found at Satchari during the field visit 
(top-left). Some fuelwood collectors were in a hurry, trying to quickly leave the main access point at 
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Satchari with their collection by a local pickup (top-right). A fuelwood collector was splitting a small 
log inside Satchari beat (mid-left). Two fuelwood collectors with shoulder loads at Jagadishpur beat 
(mid-right). A fuelwood collector busy at work at Satchari beat (bottom-left). Livestock grazing in 
the degraded forest at Shahpur beat (bottom right). Photo courtesy: Mohammad Redowan. Captured 
during the field campaign on various dates between 10 May to 10 July 2015 
Dependence of the local community on forest resources was recorded in an extensive number of 
studies across countries (Babulo et al. 2009; Das 2005; Hogarth et al. 2013; Kamanga, Vedeld & 
Sjaastad 2009; Nielsen, Pouliot & Kim Bakkegaard 2012). At Raghunandan, poverty and limited 
means of alternative livelihood were revealed to be the key elements of large-scale dependence of the 
local community on forest resources (IPAC 2009; Mukul et al. 2012; Sultana 2007). Most of the local 
community (>60%) at Raghunandan forest area were poor with limited means of livelihood (IPAC 
2009). Local communities living outside the forest earned 100% household income, and those living 
in the forest earned 62% household income from fuelwood collection (Sultana 2007). Implementation 
of the REDD+ project would inevitably challenge the products and services the local community 
obtain from the forest (Holmgren 2010). Beyond emission reduction by conserving forest biomass 
carbon, other benefits of REDD+ include human development and biodiversity conservation (Carlson & 
Curran 2009). Bringing Raghunandan Hill Reserve forest under REDD+ would thus require 
compensating the forest-dependent community stakeholders in monetary terms for refraining the 
from the forest use (Miah, 2012).  If support of all category of local forest users are not attained, and 
prioritization of their interest in project design and implementation are not given, REDD+ project is 
unlikely to be sustainable and successful for the long term and in the long run (REDD-net 2010). 
 Forest non-forest classification by the Claslite algorithm 
Images of 1995, 2005 and 2015 were classified by Monte-Carlo unmixing in Claslite to obtain two 
binary LULC categories; 1. Forest and 2. Non-forest. One of the outputs of the unmixing process in 
Claslite were fraction images of respective Landsat images. A set of such fraction images of the study 
years were given in Figure 4-8. A decision-tree algorithm was applied to these fraction images to get 
the forest and non-forest classes.  
A good regression relationship (r2 0.66, p<0.05) (Figure 4-9) was found between field-measured CC% 
and the photosynthetic vegetation (PV) fraction output of Claslite. To separate the forest areas (from 
the forest class) with 15% canopy cover, the IPCC defined threshold of a land being a forest, the 
regression relationship was applied to the PV fraction image using Raster Calculator tool in ArcGIS 
to set the threshold for 15% CC. Several overlay operations were performed between the fraction 
image with 15% CC and the forest class to delineate forest areas with 15% CC in ArcGIS. The final 
obtained maps of forest and non-forest of each year have been given in Figure 4-10. Areas outside 
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forest class were regarded as non-forest. These maps were used as base maps to further stratify forest 
class to five strata and non-forest class to three categories, thus producing eight LULC categories for 
the whole study area (Figure 4-12). 
 
Figure 4-8: Fraction images of the soil substrate (S), photosynthetic vegetation (PV) and non-
photosynthetic vegetation (NPV) resulted from the Monte Carlo spectral unmixing of Landsat images 
of 1995, 2005 and 2015 in Claslite. Displayed images are RGB colour composites of band 1 (S), 2 
(PV) and 3 (NPV) projected to red green and blue respectively  
 
Figure 4-9: Regression relationship of the field-measured canopy cover (CC%) with the 
Photosynthetic Vegetation (PV) fraction values of Claslite output 
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Figure 4-10: Forest non-forest maps of Raghunandan during 1995, 2005 and 2015, resulted from 
Claslite classification 
Table 4-7: Forest/Non-forest area statistics (in ha) of 1995, 2005 and 2015. Figures in the parenthesis 
indicate respective percent (%) of area  
Year 
Forest  
(ha) 
Non-forest 
(ha) 
Total area 
(ha) 
1995 2078 (34%) 4065 (66%) 6143 
2005 1931 (31%) 4213 (69%) 6143 
2015 2214 (36%) 3929 (64%) 6143 
The total area of Raghunandan Hill Reserve (inside the boundary shapefile) was 6143 ha. The total 
forest area was 2078, 1931 and 2214 ha in 1995, 2005 and 2015, respectively (Table 4-7). Evidently, 
forest areas decreased in the first period, then increased in the second. Forest areas decreased by 3% 
during the 1995-2005 period while increased by 5% during 2005-2015. During 1995-2015, as a whole 
period, forests increased by 2%. The non-forest areas in 1995, 2005 and 2015 were 4065, 4213 and 
3929 ha respectively, constituting respectively 66, 69 and 64% of the total land area (Table 4-7). 
Nearly 30-35% of the total land area of Raghunandan Hill Reserve in all three years’ classified images 
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was covered by forest, whereas nearly 65-70% area was non-forest (Table 4-7). Therefore, non-forest 
areas at Raghunandan were nearly double the size of forest areas. 
The Claslite classified Landsat image to produce forest and non-forest categories as intermediate 
products based on the spectral properties of the input Landsat image in its semi-automated process of 
Monte-Carlo unmixing. The main reasons Claslite was chosen for this research was its capacity of 
spectral unmixing mid resolution image like Landsat, which was highly optimized for tropical 
lowland forests, and it was free. The final products of Claslite are the map of DFD. Thus, it was fully 
capable of directly producing the estimate of DFD in a spatially explicit manner. However, in this 
research, although DFD was obtained as two separate direct maps, they were not presented to comply 
with the IPCC directives of activity data preparation for DFD which considered deforestation as the 
transition of LULC classes between forest and non-forest and degradation as the transition between 
different strata of the forest. Transition maps were produced to spatially track the transitions, which 
IPCC recommended, using the base forest non-forest map for further classification. As the Claslite 
operates based on the spectral properties of the image, the less manual intervention was required in 
distinguishing the forest from non-forest. The Claslite algorithm of Monte-Carlo unmixing partitions 
each pixel of the image (unmixing) to three subcover classes, also called endmembers viz. 
photosynthetic vegetation, non-photosynthetic vegetation and soil substrate, and produces a fraction 
image based on the relative abundance of a particular endmember in a decision-tree reasoning. Thus, 
the Claslite process reflects upon the true recordings of the real-world phenomenon (cover classes) 
in the form of image reflectance. Hence, it minimizes the possible error otherwise would have crept 
upon while a human interpreter might have decided in truly differentiating forest from non-forest. 
However, based on the expert knowledge of Raghunandan Hill Reserve forest and several field 
samples, it was observed during image processing that decision-tree of Claslite works on a 
conservative approach towards forest while distinguishing the forest from non-forest. That is, at the 
edges of two cover classes where a pixel contained spectral characteristics of both forest and non-
forest (mixed pixel), Claslite gave up off the mixed pixel to non-forest class. The outer fringe pixel 
(one pixel) of non-forest pixels, especially where forest cover class was facing greener non-cover 
class, e.g. shrubs after forest pixels was separated off from the image looked containing a portion of 
greenish vegetation which however was classified as non-forest in Claslite (Figure 4-11). Moreover, 
nearly all the forest areas of the Claslite classification were fully contained by the areas of 15% CC 
threshold, meaning the Claslite classification of forest holds the CC threshold of at least 15%. 
Therefore, it is argued that in separating forest with at least 15% CC, it is not necessary to use the 
CC%-PV relationship beyond the Claslite platform. Moreover, processing field canopy cover images 
using the CanopyDigi is tedious and monotonous work. Thus, forest non-forest classes provided by 
Claslite can serve the purpose of the primary step of activity data development for DFD.  
71 
 
Claslite is one of the latest and robust image classification approach for DFD studies in REDD+. A 
good number of studies successfully used Claslite to accurately map forest, non-forest and DFD. For 
example, Bryan et al. (2013) mapped forest cover and logging roads Malaysian Borneo using Landsat 
data. Asner (2009c) mapped tropical forest, deforested areas and forest disturbance as part of carbon 
estimation using Lidar data in Brazilian Amazon. Carlson et al. (2012) used Claslite to map forest, 
non-forest and agroforest in Indonesian Sumatra and Kalimantan with 77% overall accuracy. Chicas, 
Omine and Saqui (2016) mapped forest and non-forest for the year 2009, 2011 and 2012 in Belize 
with overall accuracy ranging from 83.6 to 92.33%. Lui and Coomes (2015) mapped forest change 
in Sierra Leone using Claslite with 79 to 89.6% overall accuracy. Tarigan, Sunarti and Widyaliza 
(2015) differentiated undisturbed, disturbed and oil palm in Landsat image using Claslite. Tritsch et 
al. (2016) used Claslite along with other tools to identify forest disturbances and logging gaps using 
Landsat data in Brazilian Amazon. Franke et al. (2012) used a spectral mixture analysis approach to 
RapidEye image to map degradation in Indonesia with 98% accuracy.  
Figure 4-11: Image showing greenish pixel layers at the outer fringe of non-forest class in a false 
colour composite (RGB 5, 4, 3) of 2015 Landsat image after seperating off the forest pixels (while 
areas) were separated off 
Claslite can be a promising image classification approach in preparing activity data for DFD for 
REDD+ to accurately distinguish the forest from non-forest when used with care. The main limitation 
of Claslite, as indicated in the literature is, it is resource-intensive in terms of image processing and 
cannot automatically differentiate the type of disturbance which caused degradation, e.g. natural vs 
anthropogenic, logged vs fire scars (Bucki et al. 2012). However, like the other machine learning 
processes, Claslite outputs of forest non-forest classification along with DFD require human 
interpretation to associate affected area with the drivers or activities. Once the forest non-forest map 
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is obtained which forms the basis for further classification to various other LULCs as in the case of 
this research, DFD can be spatially tracked and assigned to the activities or drivers causing them 
manually which is also a recommended activity in REDD+. Franke et al. (2012) noted that spectral 
unmixing approach, e.g. used in Claslite, should take into consideration the concern of image spectral 
variation caused by topographic and atmospheric conditions. Claslite, however, claims the issue was 
dealt with a large number of field spectra in diverse tropical forest conditions throughout Amazonia, 
Central America and Hawaii with well-defined statistical variability (Asner 2009a). As Claslite 
operates based on the spectral characteristics of the image, to make the classification undisputed, 
factors which cause unwanted spectral variation in any image differently than another image (s) 
should be avoided. For example, images used in detecting DFD must be an anniversary to each other. 
If anniversary images are rare, selected images for the activity period should at least be of the same 
season to avoid distinction caused by the phenological variation of the vegetation canopy. Teak trees 
shed their leaves during winter. Hence forest areas with Teak plantation might have got misclassified 
as non-forest (e.g. scattered forest and shrubs in this case) although it belonged to forest. Therefore, 
if Teak plantation is an important cover class in the study area, all the anniversary images should be 
of a season when Teak leaves are not shed. Conveniently, all the images of this research were 
anniversary images. Hence variations in spectral response could be attributed solely to the cover 
classes.  
Claslite masks out areas of the image with cloud cover and cloud shades and shaded areas of relief in 
its second step of image processing. As Claslite was optimized for tropical lowland forests, using it 
in tropical mountainous areas especially of South-East Asia which prone to steep terrain with shades 
and persistent cloud cover is a concern (Miettinen, Stibig & Achard 2014). Cloud was found a major 
concern in selecting appropriate Landsat images of Raghunandan. Bangladesh is a sub-tropical 
country with Tropic-of-Cancer (23.50 N latitude) passing over the south of Dhaka, the capital city 
located nearly at mid of the country. Raghunandan Hill Reserve encompasses plains and undulating 
hillocks with an average maximum height of 140m asl. Terrain shade was not found a deterrent of 
using Claslite for this forest. Most hill forests (tropical mixed evergreen) of Bangladesh are located 
in Chittagong and Chittagong Hill Tracts (constituting three hill districts). Two-thirds of these hills, 
constituting part of Hill Tripura and Arakan Yoma, two off branches of Himalayan range continuing 
through Assam and Hill Tripura (India) to Arakan (Myanmar) on the south, are characterized by steep 
slopes with generally 450-620m in height (Rasul 2007). If Claslite is intended to be used for 
developing activity data for hill forests in Bangladesh, image should have to be selected carefully in 
terms of terrain, cloud and cloud shadows as Claslite would mask out a large portion of the images 
(as no data) as those artefacts, thus greatly reducing the usable portion of the image. However, for 
developing activity data of DFD availing the opportunity of Claslite for other plainland forests like 
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Sal and Sundarbans mangrove forests, the effect of shade due to terrain would not be a problem. 
Obtaining cloud-free images in those case would do the job.   
Forest area and forest are two different entities though sometimes used synonymously. A forest area 
(or land) may or may not have a forest (cover). A significant portion of the land which was designated 
as forest area in Bangladesh has no forest at all, though they are controlled as forests. 17.08% (2.52 
million ha) area of the total land area of Bangladesh is designated as forest areas of which 10.30% 
(1.52 million ha) is controlled by the Bangladesh Forest Department as government reserved and 
protected forests, 4.95% (0.73 million ha) by the Ministry of Land  as Unclassed State Forest and the 
remaining 1.83% (0.27 million ha) is under private ownership as village forests (Chowdhury 2014).  
According to latest statistics by FAO, by the year 2010, 11% (or 1442,000 ha) of the total land area 
of Bangladesh is covered by forests (FAO 2011b), although there is controversy on what percent of 
the total land is under forest cover. Theoretically, nearly 6% (17.08-11) of the forest designated lands 
have no forest cover. Raghunandan is under the administrative jurisdiction of Bangladesh Forest 
Department. Effective forest cover is nearly one third of the total forest area of Raghunandan, which 
is a partial view of the holistic scenario of Bangladesh forests stated in Islam (2003) which reported 
effective forest cover of Bangladesh government forests is nearly 40%, whereas remaining 60% is 
denuded lands under grasslands, scrublands and encroachment.  The non-forest areas were once 
forested with naturally-grown native trees. However, a number of anthropogenic causes left the two-
third area of this forest severely degraded, turning virtually to sungrassland with scattered dwarf trees, 
shrubs and bushes. Satchari beat area of Raghunandan, especially the vicinity of park offices, national 
park portion and two sides of the road passing through the forest are greener and diverse. A traveller 
might find exuberant lofty green standing vegetation there. However, venturing inside the forest to 
the inner portions, especially towards Shahapur and Jagadishpur beats would be equally shocking.  
Forest destruction and degradation are prominent in those areas. These portions of the reserve are 
currently managed as sungrass lands. However, the Forest Department was trying to bring those areas 
under plantation recently. Seedlings of fast-growing species, fruit, medicinal and timber trees were 
planted among the grasses and bushes although they were under biotic pressure from grazing 
livestock and wild animals and grasses. 
Forest area at Raghunandan Hill Reserve during 1995-2005 showed a decrease followed by an 
increase during 2005-2015. The cause of this temporal change in the forest was related to the activities 
of tree felling and plantation raising. Plantation activities at Raghunandan dated back since 1938 as 
part of the government policy implementation of converting natural forests to production forests 
which got intensified during the 1960s with diverse types and species (Choudhury et al. 2004). Forest 
Department record showed nearly twenty-eight different types of species were planted (IPAC 2009). 
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Trees in those plantations (e.g. Teak plantations of 1962 at the southern side of Satchari) showed 
good growth to reach usable maturity during around 1990 (Choudhury et al. 2004) which along with 
trees of other plantations and natural forest were an easy target of the poachers. During that time, 
trees in the plantations and natural forests at one point were auctioned to be felled by the Forest 
Department. Selective logging of trees from the forest by poachers however continued. Raising mono 
and mixed culture plantations continued in the felling coups and various other areas of Raghunandan 
forests which did not reach to the level of being detected as forest during the 1995-2005 period in the 
Claslite classification. But during 2005-2015, new plantations raised in the 2000s and later, which 
were mainly fast-growing exotic trees (IPAC 2009), attained a level of canopy density to be regarded 
as forest by Claslite. The scenario of forest dynamics during 1995-2015 thus reflected only a partial 
view of the long history of tree felling and raising at Raghunandan.  
 Post-Claslite unsupervised classification 
Forest non-forest categories resulted from Claslite in each year (1995, 2005 and 2015) were further 
classified using knowledge-based expert unsupervised classification approach to a total of eight 
LULC categories; five forest strata and three non-forest classes. The maps with eight LULC 
categories for 1995, 2005 and 2015 were presented in Figure 4-12 and the maps of forest category 
with five strata in Figure 4-13. The relevant statics of LULCs were populated in Figure 4-14 and 
Table 4-8. Five forest strata included modified natural forest dense (MNFD), modified natural forest 
medium dense (MNFMD), dense plantation (DP), medium dense plantation (MDP) and rubber 
plantation (RP). Three non-forest strata included scattered forest and shrub (SFS), grassland and 
fallows (GF), and non-vegetated land-use (NVL).  
GF comprised the largest category of LULC along all years occupying 50%, 39% and 33% of the 
total area (6143 ha) of the reserve during 1995, 2005 and 2015 respectively followed by SFC, the 
second largest LULC category in all years occupying 15%, 26% and 29% of total area respectively 
(Table 4-8, Figure 4-14). The smallest LULC category was NVL (1%) in 1995, MNFD (2%) in 2005 
and MNFMD (%) in 2015. Among the forest strata, MDP was the largest category in both 1995 and 
2015 occupying 751 ha (12%) and 930 ha (15%) respectively. In 2005, RP was the largest occupying 
of 624 ha (10%).
75 
 
 
Figure 4-12: All LULC categories (eight) map of 1995, 2005 and 2015 
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Figure 4-13: Five forest strata for 1995, 2005 and 2015 along with the non-forest class 
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Figure 4-14: At a glance area (ha) statistics of LULC classes (abridged) resulted from 1995, 2005 and 
2015 image classification. Expansion of acronyms: MNFD-Modified Natural Forest Dense, 
MNFMD-Modified Natural Forest Medium-Dense, DP-Dense Plantation, MDP-Medium-Dense 
Plantation, RP-Rubber Plantation, SFS-Scattered Forest and Shrubs, GF-Grassland and Fallows, 
NVL-Non-vegetated Land-use  
Table 4-8: Area statistics of 1995, 2005 and 2015 LULC maps in ha and in percentage (%) of the 
total area 
 Area (ha, %) 
Class Name 1995 2005 2015 
Modified Natural Forest Dense (MNFD) 187 (3%) 109 (2%) 191 (3%) 
Modified Natural Forest Medium-dense (MNFMD) 87 (1%) 113 (2%) 64 (1%) 
Dense Plantation (DP) 416 (7%) 464 (8%) 341 (6%) 
Medium-dense Plantation (MDP) 751 (12%) 621 (10%) 930 (15%) 
Rubber Plantation (RP) 636 (10%) 624 (10%) 687 (11%) 
Scattered Forest and Shrubs (SFS) 928 (15%) 1604 (26%) 1776 (29%) 
Grassland and Fallows (GF) 3069 (50%) 2409 (39%) 2027 (33%) 
Non-vegetated Land-use (NVL) 69 (1%) 201 (3%) 127 (2%) 
Total 6143 6143 6143 
 
Unsupervised classification followed by labelling approach was effective in the further categorization 
of post-Claslite forest and non-forest classes. Vegetation index NDVI was an important tool to 
discriminate between LULC categories, especially NVL and GF, and DP and MDP. NVL areas were 
clearly distinguishable from surroundings with the help of dramatic low values of NDVI in those 
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areas. Knowledge of the study area along with commonly practised principles of object identification 
in image interpretation including location, pattern, texture and association greatly helped in 
discriminating LULC categories. For example, grassland and fallows were mainly located at 
Jagadishpur and Shahapur beats while Rubber plantation was at Shahjibazar beat, grassland was 
always associated with shrubs, the even-aged dense plantation was smoother in texture than natural 
forests. To delineate a cover class or portion of it in the process of activity data development, onscreen 
digitization of the image is a suitable option (GOFC-GOLD 2009). Few classes were delineated both 
geographically using on-screen digitization and spectrally. For example, both dense and medium 
dense modified natural forests were located on the southern side of the offices and road of Satchari 
beat.  Rubber plantation was concentrated inside Shahjibazar along with other LULC categories 
constrained by the beat boundary. 
 Accuracy assessment of LULC maps 
Accuracy of the classified images of 1995, 2005 and 2015 with eight LULC categories were assessed 
independently producing error matrices of classified and reference data. The summary statistics of 
the accuracy parameters were presented in Table 4-9. Results demonstrate that the approach of 
Claslite classification of mid-resolution Landsat images to firstly separate the forest from the non-
forest followed by knowledge-based unsupervised classification with labelling and editing was a 
better option to accurately detect the LULC categories. The overall accuracies of 1995, 2005 and 
2015 maps were 92, 92.89 and 94.44% respectively with values kappa statistic 0.91, 0.92 and 0.94 
respectively, indicating high agreement between reference and classified data. Kappa value 0.8-1 
indicate a nearly perfect match between classified and reference data (van Vliet, Bregt & Hagen-
Zanker 2011). User’s and producer’s accuracies for nearly all categories of all the year classified 
images were above 85% except the producer’s accuracy of SFS for 1995 classified image, which was 
83%, the lowest.  
Discrimination of the LULC categories was performed using several spectral and non-spectral 
attributes including vegetation indices, a minimum number of pixels to be clustered for a class and 
texture, association and tonal difference of the image on trial and error basis in the process of 
classification. Vegetation index NDVI, object location and association as per the knowledge of the 
study area were particularly helpful in correctly identifying the land-use categories and change. Most 
accurately classified LLC class was RP with 95 to 100% producer’s or user’s accuracies in or 2015 
to 1995 classified images, followed by the natural forests and GF. RP composed of pure Rubber trees 
located to a specific area (Shahjibazar) of Raghunandan Hill Reserve with a distinct yellowish tone 
as displayed in the colour composite (R, G, B - 4, 3, 2) image which was clearly distinguishable from 
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the surrounding land-use classes. Similarly, separation of MNFD (dark-green with rough texture) and 
MNFMD (lesser dark-green with smoother texture) was done with ease using knowledge of specific 
location of the forest and tonal difference and higher values of NDVI, where the user’s and producer’s 
accuracies for them were 92 to 98% for all the years. Discrimination of SFS from MDP was most 
confusing for each year of classification, especially for 1995 image due to their similar spectral 
response and tone (greenish). Especially, for 1995 image, separation of these two classes was a 
challenge as the spectral response from SFS comprising of green grasses, bushes and shrubs with that 
of the young plantation (MDP) looked identical. User’s and producer’s accuracies for SFS and MDP 
for the 1995 image were 83 and 88% respectively with 17 to 12% errors of omission (% omitted in 
the classification from the real) respectively (Appendix Table 4-1). Moreover, producing independent 
reference data for 1995 accuracy assessment was challenging as no high-resolution Google Earth 
images were available before 2000. They were produced from the same image used for classification. 
A lesser extent confusion was faced with separating MDP (light-greenish tone) from the DP (deep-
greenish tone) with high NDVI values. GF (blackish brown) and NVL (bright reflectance due to 
exposed soil/sand) were well-separable using their distinct tonal characteristics and lowest NDVI 
values in comparison to other LULCs. 
Reporting any good classification requires overall accuracies be higher than 90% and kappa above 
0.90 (Lea & Curtis 2010). Pekkarinen, Reithmaier and Strobl (2009) reported that the highest 
accuracy possible to achieve using existing remote sensing technology and 30m x 30m resolution 
images like Landsat was around 90%.  GOFC-GOLD (2009) stated that 80-95% accuracies were 
possible to achieve in forest/non-forest classification using medium-resolution images. Overall 
accuracies obtained in classifying Landsat images of 1995, 2005 and 2015 were nearly 90 to 95%. 
The accuracies obtained were high. One reason of obtaining high accuracies in classifying images 
was the adopted approach of firstly discriminating forest from non-forest by spectral unmixing in 
Claslite and subsequently classifying both classes separately to several other categories based on 
spectral and non-spectral characteristics.  
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Table 4-9: Classification accuracy summary of 1995, 2005 and 2015 LULC maps 
  1995 2005 2015 
Landcover class 
User's 
accuracy 
Producer’s 
accuracy 
User's 
accuracy 
Producer’s 
accuracy 
User's 
accuracy 
Producer’s 
accuracy 
Modified Natural Forest Dense (MNFD) 92 96 94 96 98 96 
Modified Natural Forest Medium-dense (MNFMD) 92 92 94 96 96 98 
Dense Plantation (DP)  91 98 93 93 94 98 
Medium-dense Plantation (MDP) 93 88 89 91 93 92 
Rubber Plantation (RP) 95 98 96 100 96 100 
Scattered Forest and Shrubs (SFS) 90 83 92 87 91 91 
Grassland and Fallows (GF) 92 92 94 90 95 89 
Non-vegetated Land-use (NVL) 92 92 90 94 92 96 
Overall accuracy 92.00 92.89 94.44 
Kappa statistic 0.91 0.92 0.94 
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 LULC change maps and statistics 
For spatially tracking the transitions (pattern, location and rate) of eight LULC categories, transition 
maps were created by overlay operations in a GIS environment. Three maps for three transition 
periods 1995-2005, 2005-2015 and 1995-2015 were created. Figure 4-15 shows one such transition 
map for the 1995-2015 period. For statistically quantifying the amount of transitions of LULC 
categories, transition matrices were created with values of before mapping on the rows and after map 
on the columns. Transition matrices for the periods 1995-2005, 2005-2015 and 1995-2015 were 
shown in Table 4-10, Table 4-11 and Table 4-12, respectively. Transitions among five forest strata 
were shown in Table 4-13 and spatially demonstrated in Figure 4-16. Rows in the transition matrices 
indicate ‘transition from’ (or before the change) category and columns ‘transition to’ (after change) 
category of LULCs during any particular period. Along with the area (ha) of transitions, transition 
matrices were populated with some other statistical measures including gross gain or loss (Figure 
4-17) and net gain or loss (Figure 4-18) in the area (ha) of each LULCs and respective rate of change. 
Values in the diagonals of the transition matrices indicate unchanged areas of each category.  
During 1995-2005, major transitions took place in the LULC categories of NVL (with relative change 
189%), SFS (72.9%), MNFD (-41%) and MNFMD (29.5%) as shown in Table 4-10. The area of 
NVL increased from 69 ha to 201 ha with a net increase of 132 ha due possibly to the burning of 
grasses and shrublands during the hot season, thus exposing the soil and earth surface. Area of the 
SFS increased from 927 ha to 1603 ha with a net increase of 676 ha with the majority portion of the 
gain (732 ha) from GF due possibly to regrowth and greening of shrubs in the grassland during the 
period. Among the forest categories, the MNFD, MDP and RP decreased while MNFD and DP 
increased. MNFD decreased from 187 ha to 109 ha with a net loss of 78 ha. On the other hand, 
MNFMD increased from 87 ha to 113 ha with a net increase of 26 ha. This change could be attributed 
to selective logging of trees by the poachers and thinning by fuelwood collectors in the dense modified 
natural forest (MNFD) which turned it into the medium-dense modified natural forest (MDMNF). 
The rate of change was exceptionally highest in NVL (10.63 %/yr) followed by SFS (5.48) and 
MNFD (-5.44). Most stable categories were RP (-0.18), DP (1.09) and MDP (-1.91).    
During 2005-2015, the LULC categories that underwent major positive change include MNFD (76% 
increase) and MDP (50%), and negative change include MNFMD (-43%), NVL (-37%) and DP (-
26%) as shown in Table 4-11. Dense modified natural forest (MNFD) increased from 109 ha in 2005 
to as high as 191 ha in 2015 with a net increase of 83 ha taking mainly from MNFD (73.27 ha) and 
SFS (18.81 ha). Medium-dense modified natural forest (MNFMD) on the other hand, decreased from 
113 ha to 64 ha with a net loss of 49 ha. NVL decreased from 201 ha to 127 ha with 74 ha net negative 
change, which was converted mainly to GF and SFS.  
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Figure 4-15: Transition map of LULC classes between 1995 and 2015 with fifty-four possible 
transitions. Amongst the three different transition maps of the study periods viz. 1995-2005, 2005-
2015 and 1995-2015, this map has been given here as an example. The legend includes the abridged 
code name of the LULC classes which are: MNFD-Modified Natural Forest Dense, MNFMD-
Modified Natural Forest Medium-Dense, DP-Dense Plantation, MDP-Medium-Dense Plantation, 
RP-Rubber Plantation, SFS-Scattered Forest and Shrubs, GF-Grassland and Fallows, NVL-Non-
vegetated Land-use  
During 1995-2015 period as a whole, the LULC categories which showed a major increase include 
SFS (increase by 91.4%), NVL (83%) and MDP (23.7%) (Table 4-12). On the other hand, LULC 
categories which decreased were mainly GF (33.9%), MNFMD (26.3%) and DP (17.8%). Among the 
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forest categories, MNFD, MDP and RP increased while MNFMD and DP decreased. MNFD showed 
a very slight increase from 187 ha in 1995 to 191 ha in 2015 with a net gain of 4 ha. MDP and RP 
increased by a net gain of 179 and 51 ha respectively. MNFMD showed a net decrease of 23 ha going 
down from 87 ha to 64 ha. DP decreased from 416 ha to 341 ha with a net loss of 74 ha. Of the LULC 
categories, both SFS and NVL were changing at a faster rate of 3.25 and 3.03 % yr-1 respectively. 
More stable categories with a lower rate of change were MNFD (0.11) and RP (0.39).  
 
Figure 4-16: Transitions map among forest strata (activity data of forest degradation) during 1995-
2015. Meaning of acronyms: MNFD-Modified Natural Forest Dense, MNFMD-Modified Natural 
Forest Medium-Dense, DP-Dense Plantation, MDP-Medium-Dense Plantation, RP-Rubber 
Plantation  
Transitions among five forest strata were quantified during the 1995-2015 period only as a whole 
which had been given in Figure 4-16 as a map and Table 4-13 as a matrix. As per IPCC, activity data 
for forest degradation is the transition from one forest strata to another. The total area of forests 
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comprising all five strata was 1578 ha in the latest classified image (2015). Of the five forest strata, 
DP and MNFMD decreased while MDP increased as a whole during that period. DP decreased (by 
30%) from 340 ha to 237 ha with a net loss of 103 ha. MNFMD decreased (by 12.7%) from 71 ha to 
62 ha with a net loss of 9 ha. On the other hand, MDP increased (24%) from 414 ha to 516 ha with a 
net gain of 102 ha. MNFD slight increased (4 ha) from 181 ha to 191 ha. 
The rate of transition was nearly equally highest for DP (-5.14 % yr-1) and MDP (5.07). RP (0.03) did 
not change in comparison to other forest categories. The average rate of forest degradation was -0.22 
% yr-1 (Table 4-13).  
 
Figure 4-17: Gross loss or gain of area (ha) by each LULC class during 1995-2005, 2005-2015 and 
1995-2015 at Raghunandan. Meaning of acronyms: MNFD Modified Natural Forest (Dense), 
MNFMD Modified Natural Forest (Medium-Dense), DP Dense Plantation, MDP Medium-Dense 
Plantation, RP Rubber Plantation, SFS Scattered Forest and Shrubs, GF Grassland and Fallows, NVL 
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Table 4-10: Transition matrix of the LULC classes between 1995-2005 
       LULC 2005 (Change to)      
      Forest Non-forest Total area in 1995 Gross loss 
      MNFD MNFMD DP MDP RP SFS GF NVL (ha) (%) (ha) 
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MNFD 97.10 64.93 0.00 0.09 0.00 23.39 1.60 0.09 187 3.05 90 
MNFMD 10.98 47.36 0.00 0.72 0.00 23.95 2.97 1.32 87 1.42 40 
DP 0.00 0.09 250.37 92.60 0.81 62.48 8.68 0.63 416 6.77 165 
MDP 0.00 0.09 134.44 319.47 0.27 218.66 76.02 2.34 751 12.23 432 
RP 0.00 0.00 0.54 0.00 557.73 70.93 5.29 1.44 636 10.35 78 
N
o
n
-
fo
re
st
 SFS 0.63 0.18 39.53 68.58 60.13 458.68 273.39 26.09 927 15.09 469 
GF 0.00 0.45 35.32 138.43 5.34 732.33 2027.68 129.39 3069 49.96 1041 
NVL 0.00 0.00 3.42 0.81 0.09 12.66 12.75 39.72 69 1.13 30 
Total area in 2005 (ha) 109 113 464 621 624 1603 2408 201 6143 100.00  
Total area (%) 1.77 1.84 7.55 10.10 10.16 26.10 39.21 3.27 100.00   
Relative change (%) -41.93 29.55 11.54 -17.38 -1.82 72.90 -21.52 189.45      
Gross gain (ha) 12 66 213 301 67 1144 381 161      
Net change (ha) -78 26 48 -131 -12 676 -661 132      
Change rate (%Yr-1) -5.44 2.59 1.09 -1.91 -0.18 5.48 -2.42 10.63      
  Legend:             
  MNFD Modified Natural Forest (Dense)       
  MNFMD Modified Natural Forest (Medium-Dense)       
  DP Dense Plantation       
  MDP Medium-Dense Plantation       
  RP Rubber Plantation       
  SFS Scattered Forest and Shrubs       
  GF Grassland and Fallows       
  NVL Non-vegetated Land-use       
 
86 
 
Table 4-11: Transition matrix of the LULC classes between 2005-2015 
      LULC 2015 (Change to)       
      Forest Non-forest Total area in 2005 Gross loss 
      MNFD MNFMD DP MDP RP SFS GF NVL (ha) (%) (ha) 
L
U
L
C
 2
0
0
5
  
(C
h
an
g
e 
fr
o
m
) 
F
o
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MNFD 98.45 9.96 0.00 0.00 0.00 0.31 0.00 0.00 109 1.77 99 
MNFMD 73.23 35.75 0.09 0.54 0.00 3.37 0.00 0.09 113 1.84 40 
DP 0.00 0.08 175.77 177.97 0.27 94.97 14.21 0.36 464 7.55 288 
MDP 0.09 0.72 67.12 351.61 0.00 154.65 45.89 0.61 621 10.10 269 
RP 0.00 0.00 0.00 0.54 590.86 32.07 0.00 0.90 624 10.16 34 
N
o
n
-
fo
re
st
 SFS 18.81 17.24 46.12 225.21 80.75 820.74 376.69 17.94 1604 26.10 783 
GF 0.45 0.54 50.31 168.70 3.74 630.75 1518.45 35.41 2408 39.20 890 
NVL 0.18 0.00 1.97 5.29 11.22 38.69 71.89 71.63 201 3.27 129 
Total area in 2015 (ha) 191 64 341 930 687 1776 2027 127 6143 100  
Total area (%) 3.11 1.05 5.56 15.14 11.18 28.90 33.00 2.07 100   
Relative change (%) 76 -43 -26 50 10 11 -16 -37    
Gross gain (ha) 93 28 166 578 96 955 509 55    
Net change (ha) 83 -49 -122 309 62 172 -381 -74    
Change rate (%Yr-1) 5.65 -5.65 -3.06 4.04 0.95 1.02 -1.72 -4.59    
Legend : MNFD Modified Natural Forest (Dense), MNFMD Modified Natural Forest (Medium-Dense), DP Dense Plantation, MDP 
Medium-Dense Plantation, RP Rubber Plantation, SFS Scattered Forest and Shrubs, GF Grassland and Fallows, NVL Non-vegetated 
Land-use 
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Table 4-12: Transition matrix of the LULC classes between 1995-2015 
 
 
 
 
 
  LULC 2015 (Change to)    
   Forest Non-forest Total area in 1995 Gross loss  
      MNFD MNFMD DP MDP RP SFS GF NVL (ha) (%) (ha) 
L
U
L
C
 1
9
9
5
 
(C
h
an
g
e 
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m
) 
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MNFD 153.43 27.38 0.00 0.27 0.00 5.87 0.09 0.18 187 3.05 34 
MNFMD 37.36 33.25 0.27 0.45 0.00 13.84 0.27 1.86 87 1.42 54 
DP 0.00 0.08 179.47 160.39 0.36 69.34 5.93 0.09 416 6.77 236 
MDP 0.27 1.51 57.72 354.63 0.27 265.46 70.72 0.70 751 12.23 397 
RP 0.00 0.00 0.00 0.09 570.55 63.15 0.90 1.24 636 10.35 65 
N
o
n
-
fo
re
st
 SFS 0.18 1.62 26.50 109.00 89.49 443.37 238.29 18.42 927 15.09 484 
GF 0.00 0.45 72.12 304.03 24.40 903.09 1696.91 67.48 3068 49.96 1372 
NVL 0.00 0.00 5.31 0.99 1.77 10.43 13.83 36.96 69 1.13 32 
Total area in 2015 (ha) 191 64 341 930 687 1775 2027 127 6143 100  
Total area (%) 3.11 1.05 5.56 15.14 11.18 28.89 33.00 2.07 100   
Relative change (%) 2.15 -26.36 -17.87 23.77 8.00 91.46 -33.94 83.20    
Gross gain (ha) 38 31 162 575 116 1331 330 90    
Net change (ha) 4 -23 -74 179 51 848 -1042 58    
Change rate (%Yr-1) 0.11 -1.53 -0.98 1.07 0.39 3.25 -2.07 3.03    
Legend : MNFD Modified Natural Forest (Dense), MNFMD Modified Natural Forest (Medium-Dense), DP Dense Plantation, MDP Medium-Dense Plantation, RP 
Rubber Plantation, SFS Scattered Forest and Shrubs, GF Grassland and Fallows, NVL Non-vegetated Land-use 
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Table 4-13: Transitions among the forest strata during 1995-2015 along with other information including the class-wise rate of degradation (activity data 
for forest degradation) 
    Forest class 2015 (Change to) Total area in 1995 Gross loss 
    MNFD MNFMD DP MDP RP (ha) (%) (ha) 
Forest Class 1995 
(Change from) 
MNFD 153.43 27.38 0.00 0.27 0.00 181 11.48 28 
MNFMD 37.36 33.25 0.27 0.45 0.00 71 4.52 38 
DP 0.00 0.08 179.47 160.39 0.36 340 21.57 161 
MDP 0.27 1.51 57.72 354.63 0.27 414 26.27 60 
RP 0.00 0.00 0.00 0.09 570.55 571 36.17 0 
Total area in 2015 (ha) 191 62 237 516 571 1578 100   
Total area (%) 12.11 3.94 15.05 32.69 36.20 100     
Relative change (%) 5.52 -12.78 -30.22 24.47 0.09       
Gross gain (ha) 38 29 58 161 1       
Net change (ha) 10 -9 -103 102 1       
Degradation rate (ha Yr-1) 0.50 -0.46 -5.14 5.07 0.03       
Degradation rate (% Yr-1) 0.27 -0.68 -1.80 1.09 0.00       
Average degradation rate (% Yr-1) -0.22        
Legend : MNFD Modified Natural Forest (Dense), MNFMD Modified Natural Forest (Medium-Dense), DP Dense Plantation, MDP Medium-Dense 
Plantation, RP Rubber Plantation, SFS Scattered Forest and Shrubs, GF Grassland and Fallows, NVL Non-vegetated Land-use 
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Figure 4-18: Net loss or gain of the area (ha) by each LULC category. Left-side of the graph indicate 
net loss (red) and right-side net gain (green). Each of the three bars (red or green) of each category 
indicate net loss or gain during 1995-2005 (light red or green), 2005-2015 (medium red or green) and 
1995-2015 (deep red or green) respectively  
 Accuracy assessment of LULC change maps 
The accuracy of the transition maps resulted from overlaying of independent eight-category LULC 
maps of 1995, 2005 and 2015 was assessed by multiplying the accuracies (decimal values) of the 
independent LULC maps for a particular interval period. Three interval periods were 1995-2005, 
2005-2015 and 1995-2015. Accuracies of the 1995, 2005 and 2015 classified image (LULC maps) 
were 92.00%, 92.89% and 94.44% respectively. Therefore, the accuracy of the 1995-2005 transition 
map was 0.9200*0.9289 equalling 0.85 or 85%. Similarly, the accuracies of both 2005-2015 and 
1995-2015 period transition maps were 87%.  
 Forest and non-forest change map and statistics (1995-2015) 
Overlay operations of forest non-forest map of 1995 and 2015 resulted from the Claslite came up 
with a transition map with four categories; two change classes and two stable classes viz., 
deforestation (forest loss), forest gain, stable forest and stable non-forest which was shown in Figure 
4-19. The amount and the rate of each category transitions were given in Table 4-14 and Figure 4-20. 
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Importantly, location, quantity and rate of transitions of forest and non-forest cover classes provided 
by this map and tables constitute the activity data of deforestation during 1995-2015.  
 
Figure 4-19: Forest non-forest transition map (activity data for deforestation) during 1995-2015 
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Figure 4-20: Areas (ha) of four cover classes resulted from overlaying 1995 and 2015 forest/non-
forest thematic maps 
Table 4-14: Forest and non-forest transition statistics and rate during 1995-2015 (activity data for 
deforestation during the 1995-2015 period) 
    Class 2015 (Change to) 
Total area in 
1995 Gross loss 
    Forest Non-forest (ha) (%) (ha) 
Class 1995 
(Change from) 
Forest 1578 500 2078 33.83 500 
Non-forest 636 3429 4065 66.17 636 
Total area in 2015 (ha) 2214 3929 6143    
Total area (%) 36 64      
Relative change (%) 6.54 -3.35       
Gross gain (ha) 636 500       
Net change (ha) 136 -136       
Change rate (ha Yr-1) 6.80 -6.80       
Overall change rate (% Yr-1) 0.32 -0.17       
Forest loss (Defores.) rate (% Yr-1)  -1.38     
Forest gain rate (% Yr-1)   1.69     
The total amount of forest loss (deforestation) during the period was 500 ha, while the forest gain 
(forest expansion or regrowth) was 636 ha with a net forest increase of 136 ha (Table 4-14). The 
overall rate of forest increase was 0.32 % yr-1. Considering forest loss and gain separately, the rate of 
deforestation was -1.38 % yr-1 while the rate of forest gain was 1.69 % yr-1. The stable forest was 
1578 ha, and stable non-forest was 3429 ha (Figure 4-20). 
Considering beat-wise forest change, most forest loss (deforestation) occurred at Satchari (158 ha), 
and Telmachara (155 ha) beats. On the other hand, most forest gain or expansion took place at 
Shahapur (266 ha), and Shaltila (161 ha) beats.  
 
500
636
1578
3429
Deforestation (Forest Loss)
Forest Gain
Stable Forest
Stable Non-forest
Area (ha)
C
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e
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Table 4-15: Beat-wise area (ha) of 1995-2015 forest non-forest change map 
 Class area (ha)  
Beat Name Deforestation 
Forest 
Gain 
Stable 
Forest 
Stable 
Non-forest Grand Total 
Jagadishpur 32 81 22 631 766 
Satchari 158 36 490 347 1031 
Shahajibazar 63 36 544 162 806 
Shahapur 29 266 73 1014 1381 
Shaltila 62 161 111 1068 1402 
Telmachara 155 57 338 207 756 
Grand Total 500 636 1578 3429 6143 
 
The deforested areas at Satchari and Telmachara beats appeared as deforestation hotspots as seen in 
the transition map (Figure 4-19). Except for Rubber plantation at Shahjibazar beat, standing trees 
were mainly prominent at Satchari and Telmachara beats. That’s why deforestation also took place 
more in these two beats. Presence of valuable timber species was a factor among others affecting 
forest loss in those beats. In terms of price, timber quality and beauty, Teak (Tectona grandis) is the 
most valuable timber species in Bangladesh. Teak plantations were located scattered or continuously 
in a number of locations mainly at Satchari and Shaltila beats. Especially, southernmost areas of 
Satchari had Teak plantations which had been felled by the Bangladesh Forest Department as well as 
selectively logged by the poachers and unscrupulous persons. At Shaltila beat, a large amount of Teak 
plantations were raised which reached to usable diameter and height in recent times which was 
noticed during the field visit. It is probable that selective logging of Teak by poachers along with 
other species will get intensified in the near future in that beat. On the other hand, plantations 
(including social forestry plantations) raised by Bangladesh Forest Department at different times at 
the degraded forests and grasslands of Shahapur, Shaltila and Jagadishpur beats caused forest 
expansion in those beats. Claslite detected those areas as forests due to the accumulation of more 
photosynthetic vegetation due to tree growth than the previous grasslands and barelands. 
Change detection analysis showed forest area of Raghunandan Hill Reserve increased by 136 ha 
during the 1995-2015 change period. This increase, however, might not be attributed to forest quality 
increase in terms of biodiversity, naturalness and ecosystem values. The modified natural dense forest 
(MNFD) didn’t increase but by only 4 ha (Table 4-12).  Again, the medium-dense modified natural 
forest (MNFMD) decreased by 26% (Table 4-12). Whatever actually increased during the period was 
new plantation cover of some fast-growing species of less economic and ecological values like Acacia 
(Acacia auriculiformis and A. mangium) and Eucalyptus spp. A big portion of the plantations is 
beneficiary shared plantations of forest villagers with Bangladesh Forest Department. Reality is, more 
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than half (3429 ha) of the Raghunandan reserve is stable non-forest which are mainly degraded forests 
occupied by grasses and shrubs.  
  
  
Figure 4-21: Field photographs of a) natural forest at Satchari beat (top left) b) plantation at Shaltila 
beat (top right) c) Sungrass land at Shahapur beat (bottom left) and d) scattered forest and shrubs at 
Jagadishpur beat (bottom right). Photo courtesy: Mohammad Redowan 
The forest areas which look degraded now with few or no trees but exuberant annual and perennial 
grasses were rich natural forests decades ago with invaluable native big trees like Chapalish/Chamol, 
Gamar, Lud, Bonak, White Awal (Berenga), Red Awal etc. During the extensive field visit to all beats 
of Raghunandan, it was observed that some big, native centenarian trees including Chapalish 
(Artocarpus chaplasha) were still standing sporadically in the degraded forests in the sungrass land, 
which indicates that once this forest was a rich natural forest. These trees were probably spared to 
serve as the seed trees. Poachers later were unable to log those trees due to their big sizes. Poachers 
generally target the small to medium-sized trees with straight bole for easy chopping and carrying. 
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Many of the elderly forest villagers who were at their 80s opined with confidence that those degraded 
forest areas were very rich forests some eighty ninety years back, what they saw from their childhood 
and learned from their parents. They and the parents dared to venture alone in those forests in fear of 
losing the path and attack of wildlives. However, the policy decision of the then government 
(Bangladesh Forest Department), as like the other forests of British India, of large-scale extraction 
(in most cases clear cutting) of trees of natural forests for timber and revenue followed by raising 
artificial plantations of commercial species led the path of forest degradation in the area. Raising 
plantation at Raghunandan started since 1938 where ‘less valuable’ mixed-species of natural forests 
were replaced with ‘high valuable’ plantations of trees mainly Teak (Tectona grandis), Sal (Shorea 
robusta), Pynkado (Xylia spp) etc. (Choudhury et al. 2004). This policy of harvesting the natural 
forest and raising plantations has destroyed the high value of species richness of the site, which is 
deeply felt in recent times (Choudhury et al. 2004). Along with large-scale extraction by the 
Bangladesh Forest Department, trees were illegally selectively felled and transported to the 
conversion plants for selling as timber by the poachers. Following the destructing of natural forests, 
the areas got occupied by Sungrass (Saccharum spontaneum) and bushes, dwarf trees, settlements, 
agricultural fields (mainly paddy), and more recently by social forestry shared plantations of fast-
growing species like Acacia spp, Eucalyptus spp, medicinal plants and fruit trees. 
The forest is surrounded by many tea estates which are owned and managed by native companies or 
UK-based multinational sterling companies (e.g. Duncan brothers). The borders of forest and tea 
estates are unprotected and open. Numerous earthen roads through the tea gardens connect the forest. 
Poachers use these roads along with the pitched roads to transport the logs to numerous near or distant 
sawmills located around various places of the district or to the other districts located even hundreds 
of miles away. They generally avoid the roads where there are Forest Department check posts and 
take bypass roads to reach the destination. Tree poachers act individually or by the syndicate (IPAC 
2009). Individual poachers generally poach on small trees with the main log which can be carried by 
the shoulder to nearest sawmills or convenient places in the tea garden or around the forest. From 
there they either manage a transport or use the local transport to carry the logs to the sawmills to sell. 
As they pay the local transport drivers more than the usual fare, they help in transporting the logs 
taking it inside or to the rooftop of the vehicle. They do it both in the day and at night whenever they 
get the opportunity. But in most cases, they act as a part of the tree smugglers’ syndicate whose rules 
are different in the channel to get their due share. Some are engaged in felling the trees, chopping to 
logs and transporting the logs to some points near the roads. People who do the job of felling, 
chopping and shouldering the trees to convenient locations are mainly the villagers living around near 
or distant villages around the park and tea estates (IPAC 2009). Others duty is to transport the logs to 
the sawmills with the pickups keeping careful eyes on the law enforcers, forest petrol teams and the 
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public. They either sell the trees to the sawmill and furniture shop owners and timber traders or 
themselves are the owners or traders. In most cases, they do it ‘managing’ the unscrupulous Forest 
Department and law-enforcing stuff. This portion of the poachers operate mainly at night and maybe 
people from around the villages or from various distant localities and districts. Tea estates are 
privately-owned, busy managing their own property. They pay no or very limited concern to the issue 
that the ‘government’ owned forest trees be transported using their land by the poachers mainly 
because they fear the poachers would then target the shade trees of the estates as there had been many 
examples of that happening now and in the past. Apart from the abovementioned actors and facts, 
illicit felling of trees at Raghunandan (mainly Satchari reserve) was linked with a number of other 
local factors and stakeholders (Figure 4-22) well detailed in few other studies including IPAC (2009).   
 
Figure 4-22: Diagram depicting the linkage of various stakeholders with the illicit fellers. Courtesy: 
IPAC (2009) 
 Accuracy assessment of forest and non-forest change map (1995-2015) 
The accuracy of the transition maps is generally ascertained by multiplying the accuracies of the 
independent maps as was done in the case of LULC change maps above. However, with the principal 
focus on forest change in relation to other LULCs, accuracy of the forest non-forest change maps 
with four categories (forest loss/deforestation, forest gain, stable forest and stable non-forest) were 
assessed creating two sample-based error matrices; error matrix of sample count (Table 4-16) and 
error matrix of area proportions (Table 4-17). Error matrix of sample count was a commonly used 
contingency table with reference data on the columns and classified data on the rows. Error matrix of 
area proportions, which was derived from the error matrix of sample count provided point estimates 
with margins of errors (95% confidence interval), which was statistically more robust and accurate. 
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The accuracies obtained for forest non-forest change map were very high. The overall accuracy of 
the 1995-2015 forest non-forest transition map was 0.96 ± 0.02 (with 95% confidence interval). 
Producer’s and user’s accuracies of all four categories were above 95% except forest gain. For forest 
gain producer’s accuracy was 0.88 ± 0.09 as differentiating new plantations from old was a challenge.  
During this period, the amount of mapped deforestation (forest loss) was 500 ha. The error adjusted 
estimate of the amount of deforestation was (95% confidence interval) 496 ± 12 ha. Similarly, the 
mapped area of forest gain was 636 ha. However, error adjusted estimate of forest gain was (95% 
confidence interval) 705 ± 45 ha.  
High-resolution images from the Google Earth tremendous helped in assessing the accuracy of the 
classified images (maps) in this research. Use of high-resolution Google Earth images to produce the 
reference data free of cost for the verification and cross-validation of LULC change is increasing and 
was used by a large number of studies in recent times (Chicas, Omine & Saqui 2016; Olofsson et al. 
2014; Olofsson et al. 2011; Potapov et al. 2017; Reddy et al. 2016a; Reddy et al. 2016b; Sun, Chen 
& Zhou 2017). FAO (2016) recommended using the Collect Earth (https://is.gd/IbFvy6), a Google 
Earth plugin developed under the Open Foris Initiative of FAO for collecting reference data. Collect 
Earth uses freely available high-resolution images from Google Earth, Bing Map and Google Earth 
Engine in a user-friendly interface. Collect Earth/Google Earth data (mainly) together with the 
original/underlying Landsat image (of 1995 only) and 2001 land-use map (partially) from the 
Bangladesh Forest Department were used to label each sample unit of the reference classification. As 
high-resolution Google Earth images were not available before 2000, for 1995 map accuracy 
assessment, reference data were drawn from the same Landsat image used for producing LULC map 
provided that reference classification is of higher quality the than the map classification (GFOI 2014). 
Existing thematic map of the study site prepared in 2001 was also helpful in interpretation or 
stratification of 1995 image (GOFC-GOLD 2009). Points were used as sampling units, as this is the 
most commonly used sampling unit (Congalton 1991). Using pixels could be an alternative. However, 
as LULC is a continuous variable of spatial extent, using pixels or polygons as samples which have 
spatial extent too, might create problems of differentiation as to which class it falls under when they 
occupy both cover classes. Although this problem can be solved using fuzzy set theory (Gopal & 
Woodcock 1994; Strahler et al. 2006), it complicates the design and analysis of response (Anderson 
et al. 2017). When points are used as sampling units, no such problems arise provided that class-
boundaries are well-demarcated. 
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Table 4-16: The error matrix of sample count of 1995-2015 forest non-forest transition map 
    Reference data         
    Deforestation Forest Gain 
Stable 
Forest 
Stable  
Non-forest Total 
Map area 
(ha) 
 Map area 
proportion 
User's 
Accuracy 
M
ap
 d
at
a 
Deforestation 67 0 1 2 70 500 0.081 95% 
Forest Gain 0 74 1 1 76 636 0.104 97% 
Stable Forest 0 2 60 1 63 1578 0.257 95% 
Stable Non-forest 1 2 1 187 191 3429 0.558 97% 
Total  68 78 63 191 400 6143 1   
  Producer's Accuracy 98% 94% 95% 97%         
 
Table 4-17: The error matrix of area proportions of 1995-2015 forest non-forest transition map 
    Reference data Map 
area 
(ha) 
  
User's Accuracy 
(with 95% CI)     Deforestation Forest Gain Stable Forest 
Stable 
Non-forest 
M
ap
 d
at
a 
Deforestation 0.078 0.000 0.001 0.002 500 0.96 ± 0.05 
Forest Gain 0.000 0.101 0.001 0.001 636 0.97 ± 0.04 
Stable Forest 0.000 0.008 0.245 0.004 1578 0.95 ± 0.05 
Stable Non-forest 0.003 0.006 0.003 0.547 3429 0.98 ± 0.02 
Estimated area proportion 0.081 0.115 0.250 0.554 6143   
  Error-adjusted estimates of area (ha) with 95% CI 496 ± 12 705 ± 45 1536 ± 48 3405 ± 45     
  Producer's Accuracy (with 95% CI) 0.96 ± 0.00 0.88 ± 0.09 0.98 ± 0.03 0.98 ± 0.02     
  Overall Accuracy (with 95% CI) 0.96 ± 0.02           
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 Conclusions 
To claim carbon credit, REDD+ requires developing countries to design respective reference 
emission levels of forests based on the historic data and national circumstances and report activity 
data and associated emissions (of Greenhouse gases) in a consistent transparent, comparable, complete 
and accurate manner, fully complying with IPCC guidelines. This study quantified the activity data 
for DFD for a Bangladesh forest using existing images and state of the art technology in remote 
sensing and GIS. By using open-source and mid-resolution Landsat data and open-source high-
resolution Google Earth/Collect Earth images along with field observations, this research accurately 
mapped the forest and non-forest LULCs and their transitions during 1995-2015 highlighting the 
amount, pattern, rate of DFD at Raghunandan Hill Reserve. Besides the spatial pattern of LULC 
transitions, the approach provided statistics of transitions. As a pioneer activity data study for REDD+ 
MRV in Bangladesh, the approaches presented here for historic activity data development of DFD 
are fully conformant with the IPCC guidelines. Hence, maps, statistics and information generated in 
this article regarding the forest and DFD along with their drivers and causes can serve as valuable 
firsthand information for any future REDD+ project for that forest in Bangladesh. 
Landsat images were reported to have limitations for detecting forest degradation (Gaveau et al. 2009) 
although detecting deforestation was straightforward. However, as the degradation is an activity-
specific phenomenon (e.g. degradation by selective logging, fuelwood collection), Landsat’s 
capability to detect degradation is activity and definition-specific as well. Following the definition by 
IPCC, which regarded degradation as the transition of one forest class to another forest class, this 
study quantified activity data for both DFD with high accuracy.  
The remote sensing approaches of activity data development shown in this article could also be 
replicated to other forests for REDD+ MRV. Beyond REDD+, the information and statistics can also 
be helpful for the local forest administration in reviewing current forest management strategies and 
adopt better strategic decisions for progressive forest management, e.g. bringing the grassland and 
fallows under afforestation program, inventory of the resources, identifying forest densities with 
respect to their locations and so on. Local forest administration (Bangladesh Forest Department) often 
operates with limited manpower and resources. Study findings, which accurately indicated the 
location and amount of forest loss, forest degradation and forest expansion (gain/regrowth), can help 
Bangladesh Forest Department relocate their limited resources and manpower to the hotspots of forest 
transitions (especially loss) to strengthen protection.  
This study also threw light on the future major research areas in this forest in the fields of forest 
protection, management, degradation and biodiversity conservation. The major advantages of the 
approaches presented here were the use of open-source Landsat images and Claslite (standalone 
99 
 
software) for accurately quantifying the activity data. Although the GIS operations were done using 
commercial ArcGIS software of the Remote Sensing Research Centre (RSRC) of the University of 
Queensland, the same functions, however, could be performed using QGIS, a user-friendly, feasible 
and competent and open-source alternative with similar functionality. Noticeably, tasks including 
image acquisition, processing and post-processing could be performed at virtually no cost, which 
might be an added advantage for the developing countries like Bangladesh to prepare country-level 
activity data. The main challenge of using Landsat and Claslite is the presence of cloud, cloud and 
terrain shades in the images, although this research did not face any such problem. Except for 
Chittagong and the Chittagong Hill Tracts, all other Bangladesh forests are located in plain lands and 
terraces. Therefore, the terrain is not a limiting factor for Claslite unmixing of those forest images for 
forest non-forest distinction. However, for mixed-evergreen hill forests of Chittagong and the 
Chittagong Hill Tracts, image selection would have to be done carefully so as to minimize cloud and 
terrain shades, keeping in mind that post-classification and cloud-masking editing in GIS environment 
with the help of alternative near-date before or after images (if available) of the site could greatly 
help reduce masked areas of the image done by Claslite during processing.  
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Abstract 
Deforestation and forest degradation (DFD) are the second largest contributor of carbon dioxide 
(CO2) and other Greenhouse gases emissions to the atmosphere. The reduction in atmospheric 
emissions of carbon is getting priority in the global community. Reducing emissions from 
deforestation and forest degradation (REDD+), a post-Kyoto climate change mitigation measure has 
emerged as a promising opportunity for the developing countries to claim carbon credit for conservation 
plus enhancement of forest carbon as a part of a national climate change mitigation measure. Measuring, 
reporting and verification (MRV) of forest biomass-carbon and corresponding emissions is a crucial 
element for any REDD+ project and has emerged as a principal focus of scientific research in recent 
times. Apart from REDD+ MRV, monitoring forest carbon stock has valuable forest management and 
ecological implications. This study developed a comprehensive approach following the 
recommended IPCC (inter-governmental panel on climate change) good practice guidelines. The 
approach estimates emissions of carbon due to DFD activities, along with sequestration of carbon due 
to vegetation growth, at Raghunandan Hill Reserve Bangladesh during 1995-2005 and 2005-2015 
periods. Field-level aboveground biomass-carbon were linked with the spectral response of Landsat 
images applying regression analysis and geospatial techniques. Changes in biomass-carbon amounts 
were then used to estimate emissions and sequestrations of carbon. The total estimated emissions 
during 1995-2005 were 4,589 tonnes (t) CO2e yr-1 from deforestation and 704 t CO2e yr-1 from 
degradation. The figure during 2005-2015 was 2,981 t CO2e yr-1 from deforestation and 886 t CO2e 
yr-1 from degradation. During the first half, biomass-carbon emission was more than the sequestration, 
whereas, during the second half, sequestration was more than the emission. The approaches and 
findings of this study may have important scientific and management implications as baseline 
information for biomass-carbon stock related concerns, including local and national level REDD+ 
project in Bangladesh.  
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 Introduction 
After fossil fuel burning, deforestation and forest degradation (DFD) are the second largest 
anthropogenic contributors to releasing Greenhouse gases, mainly carbon dioxide (CO2), to the 
atmosphere (van der Werf et al. 2009). Forests are important carbon sinks, as they store approximately 
70-80% of total terrestrial carbon (Baccini et al. 2012). DFD and land-use change activities release the 
carbon stored in the stems, branches, leaves and roots of forest trees to the atmosphere in the form of 
CO2 and other Greenhouse gases (Baccini et al. 2012). 10-20% of the total global atmospheric emission 
of Greenhouse gases take place due to DFD activities (Achard et al. 2014). Man-made emission of 
Greenhouse gases to the atmosphere is the major cause of climate change or global warming (IPCC 
2014). Reducing Emissions from Deforestation and Forest Degradation (REDD+) has emerged as a post-
Kyoto climate change mechanism which aims to protect or enhance existing carbon stock in the forests 
(Avitabile et al. 2012).  
Developing climate change mitigation measures to make this planet more liveable has evolved as a 
worldwide community concern and responsibility. One potential climate change mitigation measure is 
to protect the existing forests from being deforested and degraded and enhance the storage of carbon in 
the forest plants, plant products and soils. Implementation of this mitigation measure is, in fact, the main 
focus of the REDD+ program. The REDD+ aims to provide carbon credit for conservation plus 
enhancement of forest carbon as a part of a national climate change mitigation measure. Part of it 
involves monitoring/measuring, reporting and verification (MRV) of forest biomass-carbon stock, 
change in carbon stock and level of emissions. Moreover, mapping and monitoring of forest biomass-
carbon stock in tropical countries are crucial to modern forest management (Avitabile et al. 2012; Goetz 
et al. 2009). Knowledge of the forest biomass-carbon dynamics in a spatially explicit manner at a broader 
scale is important in understanding how forest disturbance and regrowth affect carbon dynamics (Powell 
et al. 2010). However, accurate estimation of the magnitude of the carbon sink in the form of forest 
biomass, especially in the heterogeneous and complex environment, is still a challenge (Lu 2006). United 
Nations Framework Convention on Climate Change (UNFCCC) encourages countries to apply 
remote sensing technology along with ground measurements for forest biomass-carbon monitoring 
as part of REDD+ MRV (GFOI 2014).  
Remote sensing data from various sensors have been used in estimating forest biomass-carbon. The 
airborne image has been used for more than the past 80 years, and satellite data especially medium 
resolution (10-30meter) Landsat images (TM and ETM+) have been used for the past more than 46 
years (since 1972) to assess various forest attributes including biomass and carbon stock (Birdsey et 
al. 2013). Use of high spatial resolution (<10 meter) images from commercial satellites, e.g. 
Quickbird or IKONOS for monitoring various forest attributes including biomass/carbon was limited 
103 
 
to small study areas due to the high cost and technical demand (Petrokofsky et al. 2012). Radar images 
are being increasingly used in the tropical regions to measure tree biomass due to their all-weather 
capability and deeper penetration through the forest canopy, which are operational limitations for 
optical data. SAR (Synthetic Aperture Radar) data are being widely used to estimate above-ground 
biomass for long (Kasischke, Melack & Craig Dobson 1997; Tatem, Goetz & Hay 2008). InSAR 
(Interferometric SAR) data is also used to capture above-ground biomass through vegetation height 
as a proxy (Walker, Kellndorfer & Pierce 2007). Airborne LiDAR data which has been used for more 
than a decade has brought revolutionary advancement in vegetation remote sensing, particularly in 
biomass estimation (Baccini et al. 2011; Drake et al. 2002; Hurtt et al. 2004; Lefsky et al. 2005; Sun 
et al. 2008). Few spaceborne LiDAR sensors like VCL (Vegetation Canopy Lidar) on-board 
DESDynI and GLAS (Geoscience Laser Altimetry System) on-board ICESAT widened the 
opportunity for biomass-carbon monitoring with limited spatial coverage. But LiDAR data is nearly 
ten-times costlier than the optical data, and can typically be used for providing ground truth 
information for larger area coverage by optical data like Landsat (Tokola 2015). Each of the sensor 
types, optical, radar or lidar, has its own strength and weakness to capture forest biomass-carbon. But 
in their synergistic use, the strength of one can overcome the limitation of another (Goetz et al. 2009). 
Nevertheless, Landsat data offers the continuous historic record of the surface of the earth and provide 
the unique opportunity to monitor the trend of change in biomass-carbon over time. 
Advancement of knowledge over past decades for monitoring forest and forest carbon for 
international payment-based protocols (like REDD+) is insufficiently accurate and precise (Holmgren 
et al. 2007). However, the adequacy and potential of the current systems to assess forest carbon for 
frameworks like REDD+ in a transparent and fair way have not been thoroughly evaluated and 
scientific methodological loopholes not been properly examined in an integrated manner 
(Petrokofsky et al. 2012). Estimating above-ground biomass-carbon using remote sensing technique 
is still a challenging task as the utility of this technique in modelling biomass-carbon is highly 
uncertain and specific to the site (Foody 2003; Houghton et al. 2001). In Bangladesh, the challenges 
of large-scale estimation of forest biomass-carbon and emission of carbon using remote sensing 
technology at local forest conditions were not properly analysed. Several studies provided gross 
estimates of biomass or carbon at global/continental scale (Avitabile et al. 2016; DeFries et al. 2002; 
Hu et al. 2016; Liu et al. 2015; Saatchi et al. 2011) or regional/country scale (Brown 1997; Gibbs & 
Brown 2007; Gibbs et al. 2007; IPCC 2006b) using remotely sensed data. A number of studies 
provided a ground-based estimate of biomass-carbon for several forests or forest species in 
Bangladesh (Alamgir & Al-Amin 2007; Alamgir & Turton 2014; Rahman et al. 2014; Shin, Miah & 
Lee 2008; Ullah & Al-Amin 2012). Studies concerning the estimation of biomass-carbon/emission 
using satellite image are rare in Bangladesh (Nishorgo Network 2011; Rahman, Csaplovics & Koch 
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2008). The available few studies dealt with forest or tree-level biomass-carbon, but the changes in 
emission of CO2 (historic emission factors) due to deforestation and forest degradation activities were 
rarely investigated. 
In this study, we: 1) evaluated several methods of aboveground tree biomass-carbon measurement 
from tree volume and height; 2) assessed remote sensing methods to link field-level aboveground 
biomass-carbon with the spectral reflectance of satellite data; 3) estimated the emission factors of 
carbon for various forest strata and amount of historic emissions of CO2 to the atmosphere from DFD 
activities; and 4) estimated the amount of sequestration of carbon in forest vegetation due to 
afforestation, enrichment of vegetation, and natural expansion of forest at Raghunandan Hill Reserve 
Bangladesh for two periods of time (1995-2005 and 2005-2015) using a combination of ground 
measured biomass-carbon data and geospatial techniques. Overall, we developed an approach of 
estimating atmospheric emission of carbon due to DFD activities in a spatially explicit manner for a 
local forest in Bangladesh to meet IPCC’s good practice guidelines for REDD+. Finally, we discuss 
the implications of the developed approach for performing MRV of forest carbon stock for any 
possible REDD+ project in Bangladesh, highlighting its potentials and limitations.  
 Research approach 
The amount of atmospheric emissions of carbon for REDD+ is estimated by multiplying the activity 
data (AD) with the corresponding emission factor (EF) (Figure 5-1) as follows (Eq. 5-1): 
 Emissions of CO2 (t CO2e yr-1) = AD (ha/yr) × EF (t CO2e/ha) Eq. 5-1 
The process of activity data preparation was described in Chapter 4. An emission factor is the amount 
of emissions of CO2 (loss of aboveground carbon) per unit area of activity data. It is measured as the 
difference in average biomass-carbon density between pre and post-deforestation/degradation 
landcover.  
The emission factor was estimated using a combination of remote sensing tools and ground 
measurements (Birdsey et al. 2013; Potter et al. 2008). The study forest was first stratified to several 
land-use/landcover classes using Landsat images to produce the activity data for DFD, as detailed in 
Chapter 4. Field sample measurement for tree diameter at breast height (dbh) and height was done to 
obtain aboveground biomass-carbon for each plot. Field-level biomass-carbon was then up-scaled to 
satellite data using regression analysis to estimate average biomass-carbon density and emission 
factor for each forest stratum. Multiplication of the activity data with the emission factor provided 
the estimates of the total amount of emissions of CO2 from deforestation and degradation for a stratum 
(Figure 5-1).  
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The methodology (Figure 5-2) adopted in this study conforms with the standard approaches  
recommended for estimating emissions of forest carbon for REDD+ (GFOI 2014; IPCC 2003b; 
Walker et al. 2013). 
Amount of 
deforestation 
(ha/yr)
Amount of 
degradation 
(ha/yr)
Emission factor for 
deforestation 
(t CO2 e/ha)
Emission factor for 
degradation 
(t CO2 e/ha)
Total 
Activity Data (AD) 
(ha/yr)
Total 
Emission Factor (EF)
(t CO2 e/ha)
Total 
CO2 emission  (t CO2 e/yr) 
(AD x EF)
 
Figure 5-1: The conceptual framework of Carbon-di-oxide (CO2) emissions estimation from DFD 
activities at Raghunandan Hill Reserve. The total amount of emissions of CO2 due to DFD was 
obtained by multiplying the activity data (AD) with the emission factors (EF) 
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Figure 5-2: Flowchart showing the approaches used in estimating emissions from DFD  
 Study area 
The study was conducted at Raghunandan Hill Reserve forest (6143 ha), geographically located 
between latitude 24°5'48"--24°16'11" and longitude 91°21'40"--91°28'23" at Habiganj district in 
Bangladesh (Figure 5-3). Physiognomically, the reserve comprised of several ecosystems including 
patches of natural and modified natural forests, enrichment and social plantations of various native 
and non-native trees, jungles of shrubs and grasses and fallow lands. The reserve is administered 
under six forest beats of which Satchari beat located in the southern portion is the most species-rich 
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with naturally grown trees and old plantations. On the other hand, Jagadishpur and Shahapur beats in 
the west are the least species-rich with shrubs and grasses as the dominant vegetation. Satchari area 
with its natural and old-growth forests and old plantations were reported possessing the highest 
capacity to provide ecosystem services in terms of timber, floral and faunal diversity, wildlife, 
biomass, fodder, medicinal plants, fuelwood, wild-fruits, and aesthetic and recreational values 
(Mukul et al. 2017). Except for the core zone area of Satchari, other areas of Raghunandan Hill 
Reserve have turned into managed secondary forests or plantations due to excessive illicit felling, 
logging, and subsequent silvicultural operations. Majority of the northernmost portion (Shahjibazar) 
of Raghunandan is composed of pure industrial plantations of Rubber (Hevea brasiliensis) trees. 
Structurally, the natural or modified natural forests of Satchari beat are uneven-aged and multi-
storeyed. Champion (1936) in his monumental work, described the forest type of this region as 
tropical mixed evergreen. Ecologically, the vegetation in the natural forests constitutes a portion of 
the transition zone between Indian sub-continent and Indo-Chinese ecoregion (Sharma 2006).  
 
Figure 5-3: Location of the Raghunandan Hill Reserve (HR) at Habiganj district in Bangladesh. 
Country spatial data courtesy: GADM (2018). Raghunandan boundary courtesy: BFD (2001)  
 
108 
 
 Forest stratification and activity data preparation  
Emission estimates from DFD are activity-specific. Emission factors are developed for only those 
activities for which activity data has been developed. All possible drivers and activities causing DFD 
in the study area were identified, but degradation by selective logging and fuelwood collection was 
emphasized, as they are the primary causes of forest degradation in the study area.  
The detailed process of forest stratification and activity data development for both deforestation and 
degradation using geospatial techniques was described in  Chapter 4. 
 Estimation of forest biomass-carbon 
For estimating emission factors for DFD, two parameters are needed to be measured; forest biomass-
carbon stock and change in the biomass-carbon stock of post-deforestation/degradation landcover 
classes. Major work steps involved in such approaches can be summarized as follows (GFOI 2014; 
Walker et al. 2013).  
 Field sample measurement 
For measuring biomass carbon densities of each forest stratum, field plot measurement was done 
intermittently between March-August 2015. For field data collection, a statistically valid sampling 
procedure is applied. The best sampling scheme in heterogeneous population is stratified random 
sampling, which is a recommended sampling strategy for emission estimation for a REDD+ project 
(GFOI 2014; Walker et al. 2013). For calculating the optimum number of sample plots for a required 
accuracy, this study adopted the Sample Calculator (2014) spreadsheet tool provided by the Winrock 
International. This tool was constructed based on the Clean Development Mechanism tool for sample 
plot calculation (CDM 2010), which provides the required number of samples for a study site 
considering the existing variability of carbon stock. The calculation provided 123 sample plots for 
the study area, allowing 5% error. A network of the identified sample plots for the forest was then 
generated randomly for each stratum with the Hawth’s Tool analysis pack extension in ArcGIS.  
Each of the field-plots was accessed by navigating in the field with an iPAQ Personal Digital Assistant 
attached with a 56-channel global positioning system (Ublox-7 GPS/GLONASS). iPAQ is a palm 
computer which allows the ArcPad software by ESRI to run. ArcPad is a Windows-based software 
allowing manipulation of spatial data including the random field points and forest type shapefiles, 
and also satellite images in compressed format (.ECW). As a backup, thematic maps of the field 
points with the latitude and longitude information and a georeferenced high-resolution image from 
the Google Earth were printed out in hard copy and carried to the field to facilitate navigation.  
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Upon reaching the location of a sampling point, the centre of the sample plot was laid out and marked 
using a ranging rod or an appropriate standing tree stem with colour tapping. GPS coordinates of the 
centre of the plot were recorded on the recording sheet. Size and shape of sample plots are considered 
to be a trade-off between precision, accuracy, cost and time for measurement. Chave et al. (2004) 
reported that, in tropical forests, the size of sample plots should be at least 0.25 ha (equaling 50m X 
50m square size). However, to facilitate fast sampling with limited logistic support, we used an 
adaptive sampling technique with 30m x30m sized square sample plot for the tree survey. 
 
30 meter
3
0
 m
e
te
r
 
Figure 5-4: Layout of a hypothetical square field plot with 30m side 
Live trees form the largest component of the biotic carbon pool in the forest. Selecting and measuring 
live trees above a modest size/diameter at breast height (dbh) is a recommended activity in all REDD+ 
inventories, as such trees are vulnerable to be lost via deforestation (FCMC 2013). However, there is 
no recommended threshold for the dbh to consider during the field measurement of trees. Previous 
remote sensing studies estimating forest biomass-carbon in tropical and temperate forests across Asia, 
Africa, Europe and North America set the dbh arbitrarily, for example, ≥ 30cm (Latifi, Nothdurft & 
Koch 2010), ≥ 5cm (Maina, Odera & Kinyanjui 2017; Rahman, Csaplovics & Koch 2008), ≥ 7.5 cm 
(Abedi & Bonyad 2015), and >12.5 cm (McRoberts et al. 2007). However, for studies estimating 
emissions for REDD+, Walker et al. (2013) suggested measuring trees with dbh ≥ 10 cm. Bangladesh 
Forest Department also measured trees in the field with dbh ≥ 10 cm in the national forest resources 
assessment program (BFD 2007).  
All trees in the plots with dbh equal or greater than 10 cm over bark and corresponding height were 
measured. Bole height (up to the crown point of the main stem) of several dominant trees covering 
all height levels in the plot were measured using Suunto Clinometer/Laser Range Finder. Bole height 
of the other trees in a similar height level in the plot was estimated by uniform stand height curve 
(Latifi, Nothdurft & Koch 2010). Dbh was measured using diameter tape. For detailed procedures of 
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field measurements, standard operating procedures for Terrestrial Carbon Measurement by Winrock 
International (Walker et al. 2012), and the procedures followed in the national forest and tree 
resources assessment 2005-2007 of Bangladesh (BFD 2007), which was based on Dallmeier (1992), 
were employed. Digital photographs of the canopy and sample plots were also taken for record 
keeping.  Tree species were identified with the help of a local guide and available literature on 
angiosperm species of the reserve (Arefin et al. 2011). For tree species which could not be identified 
readily, photos and samples of twigs were collected and taken to experts for identification following 
Prain (1903) and Brandis (1906). Descriptive statistics of the field plot variables including tree height, 
dbh and volume/biomass for all the sample plots were incorporated in the Appendix Table 5-1.  List 
of the instruments and accessories required in the field measurements was presented in Table 5-1. 
Table 5-1: Instruments used for various purposes during the field measurement 
Parameter to measure Instruments/tools needed Usage 
Geographic 
location/navigation 
-iPAQ equipped with 
GPS/GLONASS 
Recording geographic position 
 -Forest map Navigation to sampling points 
Laying out sample plot 50m Measuring Tape Measuring branch/canopy length. Fixing 
plot layout. 
Tree dbh Diameter Tape Measuring tree diameter at breast height 
Tree height Suunto Clinometer 
/Laser Rangefinder 
Measuring tree height 
Plot photograph Digital Camera Taking photo of the plot and canopy 
Tree species identification Digital tree database with 
common and scientific 
names 
Identification of tree species in the field 
 Computation of field-level biomass-carbon 
Carbon stock monitoring is directly related to biomass dynamics (Goetz et al. 2009). Tree volume, 
biomass and carbon are interconvertible. Volume is converted to biomass using the following 
equation (Eq. 5-2): 
 B= ρ V Eq. 5-2 
where B represents biomass in tonnes (t), V represents volume (m3), and ρ represents average wood 
density (in t/m3).  
Field-level tree volume is commonly estimated using non-destructive allometric equations (Guangyi, 
Yujun & Saeed 2017; Vargas-Larreta et al. 2017). For a few tree species (not all) found in the plots, 
we used species-specific allometric equations, available in the review compilations of Mahmood, 
Siddique and Akhter (2016) and Latif and Islam (2014). These allometric equations were based on 
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tree dbh and height, which came from the field measurement. Tree volume, referred to as volume 
over bark-VOB (measured in m3/ha) of each species, resulted from the allometric equation, was 
converted to aboveground biomass. Field-level VOB included only the volume of tree bole from 
stump to top of the bole, excluding the volume of the branches. VOB of the bole was expanded to 
whole tree biomass, also known as aboveground biomass (AGB), using the biomass expansion factor 
(BEF) in the equation given by Brown (1997), which was originally taken from  Brown and Lugo 
(1992), as follows (Eq. 5-3): 
 AGB= VOB * WD * BEF Eq. 5-3 
Where AGB refers aboveground biomass (t/ha), VOB refers the field plot tree volume over bark 
(m3/ha), WD refers wood density (t/m3), and BEF refers biomass expansion factor. 
When, the value of the biomass of inventoried volume (BV, which is VOB*WD) is ≥ 190 t/ha, the 
proposed value of BEF for tropical Asia is 1.74, and for BV ≤ 190 t/ha, BEF is 2.66 (Brown 1997). 
In our case, BV was always ≤ 190 t/ha in most of the cases; hence, the BEF value of 2.66 was used.  
Selection of appropriate, species and site-specific allometric equation is crucial to reduce uncertainty 
in biomass carbon estimation. Henry et al. (2011) reported that nearly a quarter of the published 
allometric equations contain blunders and predict unrealistic values. Mahmood, Siddique and Akhter 
(2016) scrutinizing and assessing 515 allometric equations for 80 tree and shrub species in 
Bangladesh published in 50 documents through a quality-control scheme reported that most of the 
equations (57%) failed to meet the requirements of statistical credibility and conceptual verification, 
thus were invalid. Hence, they could not be relied on for calculating the volume for all species.  
For most of the species found in the plots, we rather depended on widely used global/regional biomass 
equations to directly estimate per-tree biomass (rather than volume), which were used in some recent 
studies in Bangladesh to estimate tree biomass (BFD 2007; Rahman et al. 2014). Two such allometric 
equations, widely used over a decade to estimate aboveground biomass in tropical vegetation types 
are those proposed by Brown, Gillespie and Lugo (1989) and by Chave et al. (2014). Chave et al. 
(2014) is a simple but improved and robust version of the formula than the widely-used earlier version 
(Chave et al. 2005) for tropical moist forest stand, which is as follows (Eq. 5-4): 
 AGB (in kg) = 0.0673 × (ρD2H)0.976 Eq. 5-4 
Brown, Gillespie and Lugo (1989) equation for tropical tree biomass is as follows (Eq. 5-5): 
 AGB (in kg) = Exp. [− 2.4090 + 0.9522 ln (D2 × H × S)] Eq. 5-5 
For both equations, ρ or S represents the wood density (in t/m3), D represents the dbh (in cm) and H 
represents the height (in meter).  
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Both equations (Eq. 5-4 and Eq. 5-5) produced very similar estimates of AGB for the field plots. For 
example, for a particular field plot, the equation of Chave et al. (2005) produced AGB 97.65 t/ha 
whereas equation of Brown, Gillespie and Lugo (1989) produced AGB 106.91 t/ha. To make our field 
estimates of AGB fairer, an average value of the two equations was adopted for each plot.  
Wood density values for most of the species were collected from World Agroforestry Centre (2018) 
wood density database, Global Wood Density Database (Chave et al. 2009; Zanne et al. 2009) and 
Brown (1997). For a few species, wood density was collected from local literature, e.g. (Chowdhury, 
Khan & Mehedi 2013). For species which had no record of specific wood density, a value of 0.57 
t/m3 (or g/cm3), which is the arithmetic mean of the wood density values for most tropical Asian tree 
species, or an appropriate value from the range 0.40-0.69 (t/m3), considering the value of other 
relevant species of same genus, was used (Brown 1997; Reyes et al. 1992). 
The specific allometric equation for estimating bamboo and palm biomass-carbon is rare in 
Bangladesh (Mahmood, Siddique & Akhter 2016). However, for some bamboo individuals present 
in a few plots, biomass carbon was estimated following the equation of a taxonomically relevant 
bamboo species (Sohel et al. 2015).  
Summation of individual tree AGB (kg/tree) gave the estimate of per plot AGB (kg/plot), which was 
converted to AGB in tonne (t). Per plot AGB (t) was then converted to per plot Carbon (t) by 
multiplying with  0.5 (meaning nearly 50% of biomass is carbon), a default biomass-carbon 
conversion factor recommended by IPCC (2006b). Carbon estimation for REDD+ and similar tasks 
are expressed in tonnes of carbon per ha (tC/ha) or tonnes of carbon dioxide equivalent per ha (tCO2 
e ha-1). Finally, to standardize and simplify further procedures, computed per plot carbon was 
converted (normalized) to per hectare carbon equivalent (Pacheco-Angulo et al. 2017). To get CO2-
equivalent, carbon (tC) were multiplied by their atomic weight ratio (weight of a molecule of CO2 to 
the weight of an atom of carbon) which is 44/12 (equals to 3.67) (West 2009). Emissions of CO2 from 
DFD activities are generally measured as emissions per unit area of change or t CO2e ha-1. 
 Linking field-level biomass-carbon with satellite data 
Estimates of biomass-carbon of the field plots were linked with the satellite data to produce emission 
factor maps. A number of parametric and non-parametric (or any other relationship) methods are used 
to establish that link in nearly all forest conditions (Petrokofsky et al. 2012; Rodríguez-Veiga et al. 
2017), which often involves statistical modelling (Kalácska et al. 2004). The parametric methods 
include multiple regression analysis (Baccini et al. 2012; Rahman, Csaplovics & Koch 2008) or 
geostatistical methods like co-kriging (Tsui et al. 2013), whereas nonparametric methods include 
neural networks (Frate & Solimini 2004), random forests (Cartus et al. 2014), k-nearest neighbour 
113 
 
(McRoberts et al. 2007) and support vector machines (Chen & Hay 2011). All of these methods have 
individual strengths and weaknesses. However, due to simplicity and straightforwardness, most of 
the biomass-carbon remote sensing studies (more than 80%) used regression method. 
The linkage between field-level biomass-carbon and satellite data was established using regression 
analysis of image bands and vegetation indices (VIs) with biomass-carbon. From a selection of more 
than 100 available VIs (Xue & Su 2017), some were reported having a high correlation with biomass-
carbon while some others were showing a low correlation in a wide range of environmental 
conditions. Widely used VIs (Table 5-2) which showed high correlation with field biomass-carbon in 
earlier studies conducted in tropical and sub-tropical forest conditions were tested (Günlü et al. 2014; 
Wijaya et al. 2010; Wu et al. 2016). Both simple linear (Eq. 5-6) and multiple regression (Eq. 5-7) 
equations were evaluated. Plot-level biomass-carbon was used as the dependent variable, while the 
image bands and the VIs were used as the independent variables as in the following simple and 
multiple linear relationships. 
 Carbon (Y) = β0 + β.X + ε Eq. 5-6 
 Carbon (Y) = β0 + β1.X1 + β2.X2 +……………+βn.Xn + ε Eq. 5-7 
Where β, β1…... βn are the regression coefficients, Y is the dependent variable (Carbon), X1……...X1 are 
the reflectance values of image bands, and ε is the additive bias.  
As the geographic location given by the typical GPS is subjected to error (generally 5-10 meters, 
depending on the surrounding environment), it is impractical to accurately position the field plots to 
the image pixel centre of a 30m resolution Landsat image.  To overcome the limitation, the average 
reflectance values of the pixels surrounding the field plot was used to calculate the VIs (Kelsey & 
Neff 2014; Mäkelä & Pekkarinen 2004; Wu et al. 2016). Averaging of the pixel values was done 
applying 3x3-window low-pass filtering on the image in ArcGIS. VI images were prepared in ENVI 
5.3. Of the total 123 field plots, three were showing increased error in the model with extraordinary 
variation in biomass estimation and were removed from the analysis considering them as outliers. 
Thus, finally, 120 field points were included in the model.   
Seventy percent (70%) of the final field plots, selected randomly using the Sampling Design Tool 
(https://is.gd/c9Ge2y) extension in ArcGIS, was used for model build-up, whereas the remaining 30% 
was used for validation, which is a standard proportion (Labrecque et al. 2006). All the statistical 
analyses were performed in SPSS and MS Excel statistical packages. 
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  Table 5-2: Image spectral bands and Vegetation Indices (VIs) used in regression analysis 
Type 
Variable 
name 
Description/Formula Reference 
  TM OLI  
Im
ag
e 
sp
ec
tr
al
 b
an
d
s 
Band 1 Blue (0.45 – 0.52)   
Band 2 Green 0.52 – 0.60 Blue (0.45 – 0.51)  
Band 3 Red (0.63 – 0.69) Green (0.53 – 0.59)  
Band 4 NIR (0.77 – 0.90) Red (0.64 – 0.67)  
Band 5 SWIR1 (1.55 – 1.75) NIR (0.85 – 0.88)  
Band 6  SWIR1 (1.57 – 1.65)  
Band 7 SWIR2 (2.09 – 2.35) SWIR2 (2.11 – 2.29)  
V
eg
et
at
io
n
 I
n
d
ic
es
 (
V
Is
) 
NDVI (NIR-Red)/(NIR+Red) (Rouse et al. 1973) 
NDVIc NDVI*[1−(mIR−mIRmin)/(mIRmax−mIRmin)] (Nemani et al. 1993) 
DVI NIR-RED (Clevers 1988) 
AVI [(NIR +1) (256-RED) (NIR-RED)]
1/3 
(NIR - RED) > 0 
 
SR NIR/R (Jordan 1969) 
EVI 2.5* (NIR-RED)/(NIR+6.0*RED-7.5*BLUE+1) (Huete, Justice & Van 
Leeuwen 1999) 
ARVI (NIR-2*RED+BLUE)/(NIR+2*RED+BLUE) (Kaufman & Tanré 
1996) 
SAVI [(NIR-RED)/(NIR+RED+0.5)]*(1+0.5) (Huete 1988) 
ND53 (SWIR1-RED)/(SWIR2+RED) (Lu et al. 2004) 
ND73 (SWIR2 -RED)/(SWIR2+RED) (Sivanpillai et al. 2006) 
ND57 (SWIR1-SWIR2)/(SWIR1+SWIR2) (Lu et al. 2004) 
NDFI (PV-(NPV+Bare Soil))/(PV+(NPV+Bare Soil)) (Souza Jr, Roberts & 
Cochrane 2005) 
Expansion of the acronyms: NDVI = Normalized Difference Vegetation Index, DVI = 
Difference Vegetation Index, AVI = Advanced Vegetation Index, SR = Simple Ratio, EVI = 
Enhanced Vegetation Index, ARVI = Atmospherically Resistant Vegetation Index, ND = 
Normalized Difference, NDFI = Normalized Difference Fraction Index, PV = Photosynthetic 
Vegetation, NPV = Non-Photosynthetic Vegetation, SWIR = Short Wave Infrared 
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Use of dummy variables: Studies reported that the use of dummy variables (S1, S2, S3 …..Sn) for each 
forest strata significantly increased the r2 value of the regression of image bands and forest carbon 
(Dong et al. 2003; Rahman, Csaplovics & Koch 2005, 2008; Shen et al. 2008). Dummy variables 
incorporate the effect of forest strata or ecosystem type into the regression relationship between 
biomass-carbon and image bands and VIs (Rahman, Csaplovics & Koch 2008; Shen et al. 2008). 
Addition of a dummy variable S in the equation incurs addition of a regression coefficient α so that 
an additional term αS gets introduced into the equation.  Six strata (five forests and one non-forest) 
were used to construct five dummy variables (number of dummies required is one less than the 
number of strata) with values either 1 indicating having influence or 0 indicating having no influence 
on the dependent variable. Thus, for five dummy variables, four additional terms (α1S1, α2S2, α3S3, 
α4S4 α5S5) were introduced in the regression equation (Rahman, Csaplovics & Koch 2005, 2008). 
Table 5-3: Dummy variables and their coefficients used for various strata 
Forest Strata Dummy variables  
 S1 S2 S3 S4 S5 
Modified natural forest dense (MNFD) 1 1 1 1 1 
Modified natural forest medium-dense (MNFMD) 0 1 1 1 1 
Dense plantation (DP) 0 0 1 1 1 
Medium-dense plantation (MDP) 0 0 0 1 1 
Rubber plantation (RP) 0 0 0 0 1 
Non-forest 0 0 0 0 0 
 
Testing multi-collinearity amongst independent variables: Remote sensing data may be correlated 
with each other (Lu et al. 2004). Presence of high-level correlation amongst the independent variables 
in regression is called multi-collinearity (Myers 1986). In case of multi-collinearity independent 
variables, it is difficult to ascertain the contribution of individual variables on the dependent variable, 
and both the independent variables, in fact, measure the same thing (explained in Dirk and Bart 
(2004). To ascertain if any such multi-collinearity exists among the image bands, variance inflation 
factor (VIF) was used as an indicator. Some rules are commonly practised to select the threshold 
value of VIF, for example, the rule of 4, 5, 10 or 30. Rule of 10 is most commonly used where VIF 
value greater than 10 indicates the presence of multicollinearity among independent variables 
(O'brien 2007). However, to ensure more accuracy, we used the rule of 5. The bands showing VIF 
value greater than 5 were excluded from the model, and multiple regression was run with the 
remaining bands. The analysis was done in SPSS.  
Assessing the accuracy of regression estimates: The accuracy of the regression estimate was 
evaluated using four commonly used diagnostic measures for model evaluation; Root Mean Square 
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Error (RMSE), RMSE%, Bias and Bias%. The following Equations (5-5 to 5-8) were used to calculate 
them:  
 
RMSE = √
∑ (𝑦𝑖−𝑦?̂?)2
𝑛
𝑖=1
𝑛−1
 Eq. 5-8 
 
RMSE% = 
√∑ (𝑦𝑖−𝑦?̂?)
2𝑛
𝑖=1
𝑛−1
∑ 𝑦?̂?/𝑛
𝑛
𝑖=1
100 
Eq. 5-9 
 
Bias = 
∑ (𝑦𝑖−𝑦?̂?)
𝑛
𝑖=1
𝑛
 Eq. 5-10 
 
Bias% = 
∑ (𝑦𝑖−𝑦?̂?)
𝑛
𝑖=1
𝑛
∑ 𝑦?̂?/𝑛
𝑛
𝑖=1
100 
Eq. 5-11 
Where n is the number of observations, 𝑦𝑖 is field-level biomass-carbon and 𝑦̂𝑖   is the regression 
estimated biomass-carbon.  
 Estimating average biomass-carbon density for each stratum 
For estimating the carbon densities of 2015 forest strata, the best-fit regression model between field-
level biomass-carbon and spectral response of 2015 image was used. However, for estimating the 
carbon densities of the historic images of 1995 and 2005, a technique called cross-calibration 
regression was used. In the cross-calibration, regression equations were established between the 
reflectance values of 2015 image bands with equivalent bands of 1995 and 2005 images. For example, 
the blue band is band 1 (0.45 – 0.52 μm) in the TM image while it is band 2 (0.45 – 0.51 μm) in the 
OLI image. Two-hundred random points were generated separately in the unchanged landcover areas 
of 1995-2015 and 2005-2015. Band reflectance values of these random points were extracted from 
all the images in ArcGIS. The equation for all possible band combinations of the image pairs (of 
2015-2005 and 2015-1995) were assessed based on the obtained highest r2 values. The constants and 
coefficients of the best equations were then applied to the carbon data of 2015 to project forest carbon 
for 2005 and 1995.   
 Estimation of emission factors and emissions 
IPCC provided two fundamentally different but equally valid generic methods of estimation of 
emission factors for REDD+ activities, namely stock-change (or stock-difference) method and gain-
loss (sometimes called ‘IPCC default’) method (IPCC 2003b, 2006b). In the stock-change method, 
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annual emission or removal is estimated as the difference in the amount of carbon stock in two 
different times, caused by a change in forest cover, divided by the number of years in-between. 
Carbon stock, in this case, is generally estimated using the biomass data obtained from National 
Forest Inventory (NFI) or by a similar survey, especially using permanent sample plot measurement. 
However, some factors restrict the use of this method e.g. not all countries possess NFI data, carbon 
stock in NFI includes mainly merchantable aboveground biomass (not the other non-commercial 
components of forest biomass), long time (10 years or more) for NFI time series and, NFI plots not 
being spatially explicit to track deforestation drivers for REDD+ (GFOI 2014). In the gain-loss 
method, estimates of annual CO2 emission or removals taking place in areas (forests) due to 
anthropogenic disturbances are calculated directly as the sum/net balance of gains (e.g. by tree 
growth) or losses (e.g. by logging, fuelwood collection, fire) in carbon pool. In this method, changes 
in carbon stock are calculated by multiplying activity data (location and extent of DFD) with emission 
factor (emissions or removals of CO2 per unit of activity data. This method does not need NFI data. 
However, NFI information can be helpful in getting emission factors. For emission estimation from 
deforestation, the stock-change method is most appropriate, and from degradation, the gain-loss 
method is most appropriate (Walker et al. 2013). In reality, a mixture of both methods can be used 
(GOFC-GOLD 2014). As no appropriate NFI data was available for Raghunandan forest, in this 
investigation, we used the gain-loss method to estimate emission factors. 
Emission factors for deforestation and degradation were estimated separately. As per IPCC good 
practice guidelines for Agriculture, Forestry and Other Land Use (IPCC 2003b), emission factor is 
not the estimated carbon stock (maps) for each forest stratum, rather it is the difference in carbon 
stock between pre and post-deforestation/degradation landcover. Thus, according to the gain loss-
method, an estimate of emission factors was the loss of carbon stocks minus increase of carbon stocks 
for a particular deforestation/degradation activity. To put in another way, the annual change in carbon 
stock (ΔC) in a given pool (here biomass) is a function of annual gains and losses, that is, in Gain-
Loss Method (Eq. 5-12):  
 ΔC = ΔCG - ΔCL Eq. 5-12 
 Where ∆C is the annual change of carbon stock in a pool (t C/yr), ∆CG is the annual gain of carbon 
(t C/yr), and ∆CL is the annual loss of carbon (t C/yr). 
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 Emission factors and emissions from deforestation  
As per the gain-loss method (IPCC 2003b), emission factor for deforestation was calculated as the 
change in forest carbon stock per unit area of each landcover change stratum (∆CLC) as the difference 
between forest carbon stock per unit area before conversion (C Before in IPCC term) and the forest 
carbon stock per unit area for the new landcover after conversion (C After). Thus, the change in 
aboveground carbon stock in land conversion was obtained as (Eq. 5-13):  
 ∆CLC = C After - C Before  Eq. 5-13 
If it was assumed that the amount of biomass carbon in the post-deforestation landcover (for example, 
croplands, grasslands) be zero (0), and no soil carbon loss occurred, then the approximate measure of 
the emission factor equalled the amount of biomass carbon stock in the pre-deforestation landcover. 
Carbon stock of post-deforestation landcover classes is often conservatively measured to be 0 (zero) 
(GFOI 2014).  
Emission of CO2 from deforestation (Emission CO2 Deforest) from each land-use change stratum was 
estimated by multiplying the area deforested, that is, the activity data of deforestation (AD Deforest), by 
the average change in forest carbon stock per unit area, that is, the emission factor for deforestation 
(EF Deforest), as follows (Eq. 5-14): 
 Emission CO2 Deforest = AD Deforest x EF Deforest Eq. 5-14 
 Emission factors and emissions from degradation 
As per gain-loss method (IPCC 2003b), emission factor for degradation (EF Degrad) (due to selective 
logging and fuelwood collection) was estimated as the change in forest carbon stock per unit area of 
each landcover change stratum (∆CLC) as the difference between forest carbon stock per unit area 
before conversion (C Before) and the forest carbon stock per unit area for the new landcover after 
conversion (C After).  
Emission of CO2 from degradation (Emission CO2 Degrad) from each land-use change (forest) stratum 
was estimated by multiplying the amount of area degraded, that is the activity data for degradation, 
by the average change in forest carbon stock per unit area for that stratum, that is, the emission factor 
of degradation, which can be written as follows (Eq. 5-15): 
 Emission CO2degrad = ΔAMNFD>MNFMD/DP/MDP * [CBMNFD − 
CBMNFMD/DP/MDP] + ΔAMNFMD>DP/MDP * [CBMNFMD – 
CBDP/MDP] + ΔADP>MDP * [CBDP – CBMDP] 
 
Eq. 5-15 
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Table 5-4: Explanation of the terms used in Eq. 5-15 
Equation term Description 
ΔAMNFD>MNFMD/DP/MDP - The annual transition of areas from modified natural forest dense 
to modified natural forest medium-dense or dense plantation or 
medium-dense plantation. 
ΔAMNFMD>DP/MDP - The annual transition of areas from modified natural forest 
medium-dense to dense plantation or medium-dense plantation. 
ΔADP>MDP - The annual transition of areas from dense plantation to medium-
dense plantation. 
CBMNFD − CBMNFMD/DP/MDP - Annual change in biomass-carbon density from modified natural 
forest dense to modified natural forest medium-dense or dense 
plantation or a medium-dense plantation (i.e. the emission 
factor). 
CBMNFMD – CBDP/MDP - Annual change in biomass-carbon density from modified natural 
forest medium-dense to dense plantation or medium-dense 
plantation. 
CBDP – CBMDP - Annual change in biomass-carbon density from dense plantation 
to medium-dense plantation. 
 Results 
 Forest stratification and activity data preparation 
For obtaining historic activity data for deforestation, forestation and forest degradation, Raghunandan 
forest area was first stratified to six strata including modified natural forest dense (MNFD), modified 
natural forest medium-dense (MNFMD), dense plantation (DP), medium-dense plantation (MDP), 
rubber plantation (RP) and non-forest (NF) by classifying Landsat images of 1995, 2005 and 2015. 
Overall classification accuracies of the images were 92.00, 92.89 and 94.44% respectively for 1995, 
2005 and 2015 images. The resultant confusion matrices showed the main classification confusion 
errors were between DP and MDP due to the similar reflectance signature of the forest canopies in 
these two land-use classes. Least confusion was in between RP and NF classes due to the distinct 
tonal difference in all the images. Area change matrices (in cross-tabulation) were developed for 
1995-2005 and 2005-2015 periods as part of the post-classification comparison using respective 
classified images as before and after maps to produce area change data which constituted the activity 
data for DFD for that particular period. The activity data for deforestation was the area change of 
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forest classes to non-forest class, whereas, the activity data for degradation was the area change of 
one forest strata to another forest strata. Area change less than a hectare was discarded from the 
calculation. Classes with the transition area greater than one hectare were reported for 1995-2005 
(Table 5-12) and 2005-2015 (Table 5-13) periods. 
 Linking field-level biomass-carbon with satellite data 
 Simple linear regression of field carbon with image bands and VIs 
Simple linear regression relationship was established between field-level biomass-carbon and image 
spectral bands and VIs. Of the image bands, Landsat OLI band 5 (b5) showed the highest correlation 
with field carbon (adj. r2 0.42, p< 0.000) followed by b1 and b2 (Table 5-5). Of the VIs, SR showed 
the strongest correlation with field carbon (adj. r2 0.56, p< 0.000) followed by EVI (adj. r2 0.53), 
SAVI (adj. r2 0.52), and DVI (adj. r2 0.51). ND53 and ND73 showed the lowest or no correlation (adj. 
r2 0.04 and 0.09 respectively) with field carbon.  
Table 5-5: The coefficient of determination (r2) obtained in the simple linear regression of field carbon 
with image band reflectance and vegetation indices (VIs) 
Variables 
r-square  
(r2) 
Adjusted r-square  
(adj. r2) 
Significance  
(p-value) 
b1 0.19 0.18 0.000 
b2 0.16 0.15 0.000 
b5 0.43 0.42 0.000 
NDVI 0.46 0.45 0.000 
NDVIc 0.37 0.36 0.000 
DVI 0.52 0.51 0.000 
AVI 0.51 0.51 0.000 
SR* 0.56 0.56 0.000 
EVI 0.54 0.53 0.000 
ARVI 0.49 0.48 0.000 
SAVI 0.52 0.52 0.000 
ND53 0.05 0.04 0.037 
ND73 0.10 0.09 0.004 
ND57 0.33 0.32 0.000 
NDFI 0.23 0.22 0.000 
*The final selected model 
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 Multiple regression of field carbon with image bands and dummy variables 
Multiple regression with image bands and multiple regression with image bands and dummy variables 
were tested to link field carbon. Presence of multicollinearity among image bands was examined by 
calculating the VIF multi-collinearity statistics among image bands and field carbon. Calculated VIF 
of the showed that b3, b4, b6 and b7 had VIF value greater than 5, indicating these bands were 
correlated, especially b6 and b7 were highly correlated (Table 5-6). Therefore, these four bands were 
excluded from the regression analysis.  Multiple regression was conducted with the remaining bands 
(b1, b2 and b5) as independent, noncollinear variables.   
Table 5-6: Multi-collinearity statistics of image bands showing respective tolerance and variance 
inflation factor (VIF) values. Image bands with VIF value greater than 5 were excluded from the 
regression analysis 
Image bands 
Collinearity Statistics 
Tolerance VIF 
 b1 .361 2.768 
b2 .317 3.151 
b3 .160 6.263 
b4 .100 9.982 
b5 .222 4.497 
b6 .071 13.993 
b7 .040 24.763 
 
Table 5-7: Coefficient of determination (r2) obtained in the step-wise (backward) multiple regression 
of field carbon with image band reflectance (b1, b2, b5) and dummy variables (Z1, Z2, Z3, Z4, Z5)  
 
Model 
no 
Variables 
entered 
Variables 
removed 
R-square 
(r2) 
Adjusted r-square 
(adj. r2) 
B
an
d
s 
1 b1, b2, b5 
 
0.51 0.49 
2 b2, b5 b1 0.50 0.49 
 
b5 b2 0.43 0.42 
B
an
d
s 
+
 d
u
m
m
ie
s 
3 b1, b2, b5, S1, S2, S3, S4, S5 
 
0.58 0.53 
4 b2, b5, S1, S2, S3, S4, S5 b1 0.58 0.54 
5 b2, b5, S2, S3, S4, S5 S1 0.58 0.54 
6 b5, S2, S3, S4, S5 b2 0.57 0.54 
7 b5, S2, S3, S5 S4 0.56 0.54 
8 b5, S3, S5 S2 0.55 0.54 
9 b5, S5 S3 0.54 0.53 
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In multiple regression, b5 was found to be the strongest predictor of forest carbon with adj. r2 0.42. 
When the bands were used together, adj. r2 value rose to 0.49. Use of all dummy variables together 
with the image bands increased the r2 to 0.58 (adj. r2 0.53) (Table 5-7). However, image b5 and 
dummy variable S5 alone showed to be the best predictors of carbon with r2 0.54 (adj. r2 0.53). 
Evidently, use of all bands and all dummy variables together did not increase the adj. r2 than using 
only the b5 and S5 (adj. r2 0.53 in both cases) (Table 5-7). 
 Best-fit regression model and accuracy 
SR computed the highest r2 with forest aboveground biomass-carbon (adj. r2 0.56, p< 0.000) in the 
simple linear regression and was applied to the 2015 image to predict per pixel biomass-carbon (t/ha). 
Based on the obtained statistical parameters of the best-fit model (Table 5-8), the regression equation 
takes the form as: 
 Carbon (t/ha) = 19.165*SR-24.966 Eq. 5-16 
The regression relationship was validated using the carbon data from 30% randomly-selected 
independent field plots. A scatter diagram plotting the measured and estimated carbon was presented 
in Figure 5-5. The RMSE of the plot-level validation was 17.81 t/ha or 41% of the mean carbon of 
field sample plots. The bias of the measurement was 3.07 or 7% (Table 5-8). The residual plot (Figure 
5-6) of the best-fit regression model showed the residuals nearly equally distributed above and below 
the zero line and did not show any discernible pattern, e.g. systematic curvature or gradual increase 
or decrease of variance, which indicated that the residuals did not contradict the linear assumption of 
the model. That is, the linear regression was a good fit. However, this residual plot indicated the 
presence of two or three outliers in the data. The residual plot however, also demonstrated that the 
model prediction for forest carbon would be more accurate when SR value is above 4.5. 
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Table 5-8: Statistical parameters of the best-fit regression model of forest carbon and SR 
     
95% confidence interval for 
the coefficient 
Model 
Variable 
coefficient (β) 
Standard 
error (SE) t-statistic (p-value) 
Lower 
bound 
Upper 
bound VIF 
Cons. -24.966 6.589 -3.789 0.000 -38.074 -11.858 
 
SR 19.165 1.862 10.291 0.000 15.461 22.87 1.00 
Related statistical measures: Coefficient of determination (r2) = 0.56 
RMSE = 17.81 t/ha, RMSE% = 41, Bias = 3.07, Bias% = 7 
 
 
Figure 5-5: Scatter diagram of measured versus estimated forest carbon 
 
 
Figure 5-6: Residual plot of the best-fit regression model (Simple Ratio) to estimate forest carbon 
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 Estimating average biomass-carbon density for each stratum 
Per-pixel biomass-carbon density was obtained applying the best-fit simple linear regression equation 
to the 2015 image and the best-fit cross-calibration equation to 2005 and 1995 images in ENVI. In 
the cross-calibration, the strongest correlation was found between the respective blue bands (band 1 
vs band 2) of both 2015 vs. 1995 (adj. r2 0.81, p<0.000) and 2015 vs. 2005 (adj. r2 0.84, p<0.000) 
image regression pairs (Table 5-10, Figure 5-7). The same coefficients of regressions (of band 
reflectance) were used to estimate per-pixel carbon in 2005 and 1995 images. The cross-calibration 
equations for 2005 and 1995 respectively were as follows (Eq. 5-17 and Eq. 5-18): 
 Carbon_2005 = 0.9665*(Carbon_2015)-0.0019 Eq. 5-17 
 Carbon_1995 = 0.9450* (Carbon_2015) +0.01442 Eq. 5-18 
Remote sensing estimates along with the field estimates of the average carbon density of each forest 
strata for all years were given in Table 5-10 and Figure 5-8. For all the years, RP (91, 88, 86 tC/ha 
for 2015, 2005, 1995 respectively) was the most carbon-rich land-use class followed by MNFD, DP, 
MNFMD and MDP. For NF strata, average carbon density was the as expected lowest (22 t/ha) for 
all years.  
Table 5-9: Cross-calibration regression summaries between reflectance values of 2015 vs. 2005 and 
2015 vs. 1995 image bands 
 
Band no. in 
 
Band no. in 
 
Band name 2005 2015 adj. r2 1995 2015 adj. r2 
Blue Band 1 Band 2 0.84 Band 1 Band 2 0.81 
Green Band 2 Band 3 0.60 Band 2 Band 3 0.50 
Red Band 3 Band 4 0.77 Band 3 Band 4 0.69 
Near-Infrared Band 4 Band 5 0.68 Band 4 Band 5 0.73 
Shortwave-Infrared 1 Band 5 Band 6 0.50 Band 5 Band 6 0.51 
Shortwave-Infrared 2 Band 7 Band 7 0.79 Band 7 Band 7 0.75 
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Figure 5-7: Scatter plot of band-reflectance of the two-hundred random points used for radiometric 
normalization of Landsat bands in cross-calibration. Top: 2015 Landsat OLI band 2 versus 2005 
Landsat TM band 1 (blue), bottom: 2015 Landsat OLI band 2 versus 1995 Landsat TM band 1  
Table 5-10: Average biomass-carbon density for each forest strata as estimated using Landsat images 
and as measured in the field 
  Image-estimated Field  
Carbon 
2015 
(t/ha) 
Forest strata 
Carbon 
1995 (t/ha) 
 Carbon 
2005 (t/ha) 
 Carbon 
2015 (t/ha) 
Modified Natural Forest Dense 51 52 54 52 
Modified Natural Forest Medium-dense 40 40 42 39 
Dense Plantation 49 50 52 60 
Medium-dense Plantation 35 36 37 36 
Rubber Plantation 86 88 91 93 
Non-forest 21 21 22 23 
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 Estimation of biomass-carbon dynamics, emission factors and emissions 
Aboveground tree biomass-carbon (hereafter referred as only carbon) stored in various land-use 
classes at Raghunandan for a year was obtained by multiplying the area of a particular land-use class 
with the average density of carbon in each class obtained by the regression equation as shown in 
Table 5-11. Total aboveground tree carbon (tC) at Raghunandan Hill Reserve in 1995 was estimated 
to be 199,768 tonnes while in 2005 it was 199,108 tonnes and in 2015 it was 214,121 tonnes. During 
the first half of the past 20 years since 1995, the carbon tended to decrease slightly while increased 
again in the second half. During 1995-2005, a net decrease in carbon was 660 tonnes, whereas during 
2005-2015 it increased by 15013 tonnes (Table 5-11). However, considering 1995-2015 as a whole 
period, carbon at Raghunandan showed an overall increasing trend with a net increase of 14,353 
tonnes in 2015. NF class was showing holding the biggest share of the total carbon pool (85,386, 
88,452 and 86,460 tonnes in 1995, 2005 and 2015 respectively) due to the reason that NF constituted 
the biggest cover class occupying nearly two-thirds of the total area of Raghunandan. Amongst the 
forest strata, RP contained the highest amount of carbon followed by MDP, DP, MNFD and MNFMD.   
The spatial pattern of the distribution of carbon at Raghunandan was sporadic with denser carbon 
areas belonging to rubber plantation (RP) and natural forest (MNFD/MNMD) areas.  The most 
carbon-rich was the RP followed by MNFD, DP and MDP (Figure 5-8). On the other hand, most of 
the forest areas belonged to NF class with very low carbon density. Carbon density ranged from as 
low as 0 tC/ha to as high as 130 tC/ha. Similar values were observed for other year carbon maps too 
(map not shown here). The average density of carbon of all forest strata (overall) was 52, 53 and 55 
tC/ha respectively for 1995, 2005 and 2015 (Table 5-10). For the NF areas, the average carbon density 
was 21, 21 and 22 tC/ha for 1995, 2005 and 2015 respectively. 
For estimating the emission of carbon due to DFD activities, the emission factor for each cover class 
was calculated as the difference in average carbon densities of a class as after conversion minus before 
conversion as shown in Table 5-12 for 1995-2005 period and in Table 5-13 for the 2005-2015 period. 
The minus sign for a stratum indicates a decrease in carbon, whereas the plus sign indicates an 
increase in carbon. Three types of class changes were associated; change due to deforestation, change 
due to degradation and change due to afforestation/enrichment. In the case of deforestation, a forest 
stratum was converted to the NF class, whereas in case of degradation, a forest stratum with higher 
carbon density changed to a forest stratum with lower carbon density. Deforestation happened to four 
or five strata while degradation happened to two strata at Raghunandan for both the periods. Two 
degradation strata included, DP changed to MDP and MNFD changed to MNFMD. Carbon 
sequestration (gain) occurred when a class with lower carbon density upgraded to a class with higher 
carbon density, thus increasing the carbon content. 
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The total annual emission of carbon at Raghunandan during 1995-2005 due to deforestation was 1,251 
tonnes (tC/yr) and due to degradation was 192 tonnes (tC/yr) (Table 5-12). The CO2 equivalent of 
that carbon equalled 4,589 t CO2e yr-1 for deforestation and 704 t CO2e yr-1 for degradation. Thus, the 
total annual emission due to both deforestation and degradation during 1995-2005 was 1,442 tC/yr or 
5,293 t CO2e yr-1. Contrary to the loss/emission of carbon through DFD, 1,278 tC (or 4,690 t CO2e) 
was sequestered (gained) to the forest during 1995-2005 (Table 5-12 and Table 5-13). During this 
period, the net annual loss was 164 tC (603 t CO2e). 
During 2005-2015, the total annual emission of carbon due to deforestation was 812 tonnes (tC/yr) 
while for degradation it was 241 tonnes (tC/yr) (Table 5-13). The CO2 equivalent of that carbon 
equalled 2,981 t CO2e yr-1 for deforestation and 886 t CO2e yr-1 for degradation. Total annual emission 
due to both deforestation and degradation during 2005-2015 was 1,053 tonnes (tC/yr), equalling 3,866 
t CO2e yr-1. The amount of annual sequestration of carbon during 2005-2013 was 1,885 tC (or 6,919 
t CO2e). Thus, the net annual gain in this period was 832 tC (3,053 t CO2e). 
During the first half of the study period (1995-2005), annual carbon loss (1442 tC) due to DFD was 
higher than the carbon gain by sequestration (1,278 tC), whereas, during the second half (2005-2015), 
the reverse trend was observed, that is, carbon sequestration/gain (1885 tC) due to either afforestation 
efforts or enrichment of vegetation or natural expansion of forest was more than the carbon loss (1,053 
tC) through DFD activities. The net annual gain in carbon (832 tC) in the second half is nearly five 
times more than the net loss (164 tC) in the first half.  
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 Table 5-11: Remote sensing estimates of forest carbon dynamics of Raghunandan Hill Reserve for three periods of time; 1995-2005, 2005-2015 and 
1995-2015 
 
 
 
 
 
 
 
1995 2005 2015 Change in carbon (tC) 
Forest 
Strata 
Area 
(ha) 
Avg. 
carbon 
(t/ha) 
Total 
carbon 
(t/ha) 
Area 
(ha) 
Avg. 
carbon 
(t/ha) 
Total 
carbon 
(t/ha) 
Area 
(ha) 
Avg. 
carbon 
(t/ha) 
Total 
carbon 
(t/ha) 1995-2005 
 
2005-2015 
 
1995-2015 
 
MNFD 187 51 9537 109 52 5668 191 54 10314 -3869 4646 777 
MNFMD 87 40 3480 113 40 4520 64 42 2688 1040 -1832 -792 
DP 416 49 20384 464 50 23200 341 52 17732 2816 -5468 -2652 
MDP 751 35 26285 621 36 22356 930 37 34410 -3929 12054 8125 
RP 636 86 54696 624 88 54912 687 91 62517 216 7605 7821 
NF 4066 21 85386 4212 21 88452 3930 22 86460 3066 -1992 1074 
Total 6143 282 199768 6143 287 199108 6143 298 214121 -660 15013 14353 
Legend: MNFD = Modified Natural Forest Dense, MNFMD = Modified Natural Forest Medium-dense, DP = Dense Plantation, MDP = Medium-dense Plantation, 
RP = Rubber Plantation, NF = Non-forest 
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Table 5-12: Calculation of emission factors (tCarbon/ha) and total emissions of carbon (t/ha) from deforestation and forest degradation (DFD) activities 
at Raghunandan Hill Reserve during 1995-2005. Positive values indicate a gain of carbon, while negative values indicate a loss of carbon 
Forest strata change 
from 1995 to 2005  
Type of 
change  
Area 
change 
(AD) 
(ha/yr) 
Avg. carbon 
density 
(tC/ha)  
1995 
Avg. carbon 
density 
(tC/ha)  
2005 
Carbon density 
difference (EF) 
(tC/ha) 
(Cafter-Cbefore) 
Annual carbon 
emission / 
sequestration  
(tC/yr) 
Total annual 
emission / 
sequestration 
(tC/yr) 
Total annual 
emission/ 
sequestration 
(t CO2e yr-1) 
DP-->NF Deforestation 7.18 49 21 -28 -201 -1251 -4589 
MDP-->NF Deforestation 29.70 35 21 -14 -416   
MNFD-->NF Deforestation 2.51 51 21 -30 -75   
MNFMD-->NF Deforestation 2.82 40 21 -19 -54   
RP-->NF Deforestation 7.77 86 21 -65 -505   
DP-->MDP Degradation 9.26 49 36 -13 -120 -192 -704 
MNFD-->MNFMD Degradation 6.49 51 40 -11 -71   
MDP-->DP Gain 13.44 35 52 17 229 1278 4690 
NF-->DP Gain 7.83 21 52 31 243   
NF-->MDP Gain 20.78 21 37 16 333   
MNFMD-->MNFD Gain 1.10 40 54 14 15   
NF-->RP Gain 6.56 21 91 70 459   
Legend: AD = Activity Data, EF = emission factor, DP = Dense Plantation, NF = Non-forest, MDP = Medium-dense Plantation, MNFD = Modified Natural 
Forest Dense, MNFMD = Modified Natural Forest Medium-dense, RP = Rubber Plantation  
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Table 5-13: Calculation of emission factors (tCarbon/ha) and total emissions of carbon (t/ha) from deforestation and forest degradation (DFD) activities 
at Raghunandan Hill Reserve during 2005-2015. Positive values indicate a gain of carbon, while negative values indicate a loss of carbon 
Forest strata change 
from 1995 to 2005  
Type of 
change  
Area 
change 
(AD) 
(ha) 
Avg. carbon 
density 
(tC/ha)  
2005 
Avg. carbon 
density 
(tC/ha) 
2015 
Carbon density 
difference (EF) 
(tC/ha) 
(Cafter-Cbefore) 
Annual carbon 
emission / 
sequestration 
(tC/yr) 
Total annual 
emission / 
sequestration 
(tC/yr) 
Total annual 
emission/ 
sequestration 
(t CO2e yr-1) 
MNFMD --> NF Deforestation 0.35 40 22 -18 -6 -812 2981 
RP --> NF Deforestation 3.30 88 22 -66 -218   
DP --> NF Deforestation 10.95 50 22 -28 -307   
MDP --> NF Deforestation 20.12 36 22 -14 -282   
MNFD --> MNFMD Degradation 1.00 52 42 -10 -10 -241 886 
DP --> MDP Degradation 17.80 50 37 -13 -231   
NF --> MNFMD Gain 1.78 21 42 21 37 1885 6919 
NF --> MNFD Gain 1.94 21 54 33 64   
MDP --> DP Gain 6.71 36 52 16 107   
MNFMD --> MNFD Gain 7.33 40 54 14 103   
NF --> RP Gain 9.57 21 91 70 670   
NF --> DP Gain 9.84 21 52 31 305   
NF --> MDP Gain 39.92 21 36 15 599   
Legend: AD= Activity Data, EF = emission factor, MNFMD = Modified Natural Forest Medium-dense, NF = Non-forest, RP = Rubber Plantation, DP 
= Dense Plantation, MDP = Medium-dense Plantation, MNFD = Modified Natural Forest Dense 
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Figure 5-8: 2015 carbon density map of Raghunandan Hill Reserve 
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 Discussion 
 Forest stratification and activity data preparation 
Landsat data were useful and effective in detecting activity data for DFD at Raghunandan. The 
accuracies of image classification for activity data preparation were very high (above 90%) for all 
images which indicated that moderate-resolution Landsat images possess the high potential to 
accurately detect land-use transition and estimate emission in an Asian tropical forest like 
Raghunandan Hill Reserve. The introduction of Landsat 8 OLI image widened the opportunity to a 
great extent due to its considerably improved signal-to-noise performance and radiometric resolution 
than the other earlier generations of sensors (Roy et al. 2014). As the images are free to obtain, 
Landsat provides a good opportunity for the developing countries to prepare the activity data for 
REDD+ purpose incurring virtually no cost for image acquisition. Nevertheless, high-resolution 
image, e.g. RapidEye, may increase the estimates of activity data and carbon with better accuracy 
(Næsset et al. 2016). But high-resolution images are expected to increase acquisition and processing 
cost tremendously, which might limit the applicability of the data for extensive areas, especially for 
developing countries (Gizachew et al. 2016). High-resolution images became available for use after 
2000 C.E. However, before 2000, Landsat images had been the only continuous record of the earth 
surface. As a result, for obtaining the activity data for historic DFD at a larger scale, there is no 
alternative but to use the Landsat archive data which stores the records of earth surface for over past 
forty years. For Raghunandan and nearly all other forests of Bangladesh, suitable quality Landsat 
images are available since 1989. Therefore, development of historic activity data for any forest of 
Bangladesh is possible since the 1990s with acceptable accuracy. However, as the high-resolution 
Google Earth images are not available before 2000, assessing the accuracy of the classification would 
be a challenge for pre-2000 images. In that case, unless high spatial resolution images (e.g. aerial 
photographs) or land-use maps of the study forest are available, the only option to assess the accuracy 
of classification would be using the same raw image which was used in the classification or 
performing no accuracy assessment at all. 
 Field sample measurement 
The accuracy of the emissions estimates of carbon is largely dependent on the accuracy of the field 
estimates of carbon. A valid sampling approach is vital for making the sample representative of the 
population covering the variation and heterogeneity. Literature review revealed the use of both 
probabilistic and non-probabilistic sampling in biomass-carbon estimation. Non-probabilistic 
sampling is quite common, although probabilistic sampling is more preferable as probability theory 
can be applied in that case (Kendall & Stuart 1979). Commonly used probability sampling design 
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included simple random, stratified random, clustered and systematic sampling. All of the designs 
have their own advantages and limitations. Systematic sampling design is easy to implement, but the 
associated sampling error is difficult to estimate, and if periodicity is present in the population, it can 
be dangerous (Armitage, Berry & Matthews 2001). Clustered sampling saves field data collection 
cost by reducing the travelling distance (Strahler et al. 2006). However, sampling design and analysis 
are complex, and the precision ultimately deteriorates. Simple random sampling has a risk of non-
representation of comparatively smaller or rare classes. Thus the precision of estimates deteriorate. 
Overall, stratified random sampling is the best sampling approach for biomass-carbon data collection 
from a heterogeneous population (GFOI 2014; Walker et al. 2013), as in our case, the diverse natural 
forest portion at Satchari beat of Raghunandan. However, our sample plots were not completely 
randomised. They were adaptive in the sense that some samples could not be located in the real 
random locations created by ArcGIS. A majority of the pre-generated field plots were sampled by 
locating their exact geoposition in the field. However, due to budgetary constraints for fieldwork, and 
as finding the exact random location of some samples was taking tremendously longer time due to 
some physical constraints (e.g. lack of access trails, the presence of steep slope), the location of some 
random points was adaptively changed to a nearby location and sampled in place. Thus, the field 
sampling scheme adopted for the current investigation was, in fact, stratified adaptive sampling. This 
process of sampling obviously caused bias in the prediction, as was evident from the calculated bias 
(7%).  
Finding the predefined random location in the forest using the traditional handheld GPS (e.g. 12 
channel Garmin) with a very smaller display is extremely difficult. Use of an external display (like 
the iPAQ personal digital assistant in our case, or a tablet) attached to the GPS by Bluetooth 
technology offers profound advantages in field navigation to find the field plots. In that case, the 
ArcPad, a Windows-based commercial field data collection software with advanced capabilities of 
capturing, displaying and editing spatial data, and particularly designed for field data collection, can 
be used.  The ‘go to’ function of ArcPad was particularly useful in finding the location of the field 
plots. Shapefiles of the pre-generated sample plots along with the thematic maps of forest boundary 
and strata, major walking trails (digitized using Google Earth) and satellite image of the study area 
were loaded in iPAQ in ECW (Enhanced Compression Wavelet) format, a compressed form of spatial 
data which ArcPad can handle. Currently, some mobile or tab-based offline spatial data collection 
free applications like QField, a QGIS extension for field data collection (and others e.g. GvSIG 
Mobile, Locus GIS) with similar advantages (of manipulating spatial data, especially shapefiles) 
offered by ArcPad, can make field campaign for tree volume-biomass and land-use data collection 
more effective and efficient.  
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 Linking field-level biomass-carbon with satellite data 
Forest carbon at Raghunandan was estimated using single linear regression analysis with vegetation 
index SR as the best independent predictor variable (adj. r2 0.56) although multiple regression of 
image bands and dummy variables produced a close result (adj. r2 0.53). Using the vegetation index 
as an independent variable in simple regression rather than using image bands in multiple regression 
had added advantage. Saturation of optical sensor data is a limiting factor for biomass-carbon 
estimation in complex forest conditions with high biomass (Avitabile et al. 2012; Lu et al. 2012). 
Moreover, factors such as shadows, elevation, slope and aspect affect the values of the spectral 
response of satellite data which ultimately affect the performance of carbon estimation regression 
models built upon reflectance-based spectral variables (Lu et al. 2012). However, the error is likely 
to be appended due to variant illumination conditions resulted from topographic conditions is 
expected to get corrected when image bands are ratioed, e.g. in vegetation indices like SR, rather than 
using individual bands (Meng et al. 2007). The obtained good linear relationship between carbon and 
SR indicated that the saturation and terrain effects were not problems in using Landsat data in 
estimating forest aboveground biomass-carbon at Raghunandan. Some similar studies also reported 
that vegetation index SR performed better overcoming the saturation problem of biomass estimation, 
e.g. Mutanga and Skidmore (2004) reported that the SR yielded the highest r2 (0.80) with pasture 
biomass in Southern Africa.  
The bias in the model prediction was 7%, which suggest that the model made a fairly unbiased 
prediction of biomass-carbon at Raghunandan forest. However, the RMSE of the validation 
prediction was high, measuring 17.81 t/ha or 41% of the average carbon in the field sample plots. 
RMSE up to 50% or even more was reported in some similar studies (Hall et al. 2006). Level of 
RMSE in our case can be attributed to the moderate strength of the relationship (r2 0.56) between 
dependent and independent variables (carbon and SR) where nearly 40% of the variability of the field 
carbon could not be explained by this relationship. In tropical forest conditions, it is, however, 
difficult to achieve higher r2 in regression between dependent and independent variables due to the 
heterogeneous and complex nature of the tropical forests. Many studies reported high r2 values in 
regression of tropical forest biomass-carbon, but many more studies reported low r2 values, and the 
models hardly could explain more than 50% variation of the dependent variable (Rahman, Csaplovics 
& Koch 2008). Studies reported a wide range of r2 (very low to high), bias and RMSE values in 
regression estimation of forest volume/biomass/carbon with image spectral response. For instance, 
Goh et al. (2013) found r2 0.46 with 36% RMSE and 2.5% bias in the regression of biomass-carbon 
with SPOT 5 and ALOS PALSAR in the humid tropical forest of Singapore. Rahman, Csaplovics 
and Koch (2008) estimating forest carbon in a tropical mixed-evergreen forest in Bangladesh obtained 
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r2 0.03-0.17 using VIs in a single regression, and 0.30 using all Landsat bands, and 0.53 (with bias 
23.3mg/ha and RMSE 36.91), the highest r2 using dummy variables with all bands in multiple 
regression. Kumar et al. (2016) obtained r2 0.87 using a combination of Landsat OLI and ALOS-2 
SAR data in multiple regression of vegetation index SAVI and RVI with biomass in a plantation of 
oil palm coconut and mango in Thailand. Devagiri et al. (2013) obtained r2 0.81 with MODIS NDVI 
and AGB in Karnataka, India. (Vicharnakorn et al. 2014) reported r2 ranging from 0.34 to 0.86 in 
multiple regression of several Landsat TM-based VIs including SAVI, RVI, SR and Landsat TM 
bands and AGB in Lao Peoples Democratic Republic. Avitabile et al. (2012) obtained r2 0.42 for 
AGB 0-100 t/ha and 0.59 for AGB higher than 100 t/ha with Landsat ETM+ data with RMSE 36% 
in Uganda. Zhu and Liu (2015) obtained r2 from 0.21 to 0.42 for Landsat NDVI timeseries with AGB. 
Propastin (2013) reported the highest r2 0.71 in regression of Landsat ETM+ and MODIS bands with 
AGB in feature space. On the other hand, studies in the temperate or boreal forests generally reported 
moderate to fairly higher r2 in estimating biomass-carbon. As for example, Günlü et al. (2014) 
estimating biomass in Turkish pine forest reported adj. r2 0.47 with Landsat TM band 1 and 2 and 
0.61 with vegetation indices EVI and ND57 (RMSE 10.18%, bias 2.04%). (Gómez et al. 2014) 
obtained r2 0.89 with Landsat TM and ETM+ NDVI pattern and carbon in Mediterranean Pine forest 
in Spain. Ji et al. (2012) obtained r2 0.40 for Landsat derived tree, shrub herb AGB in Alaska, United 
States. 
The regression model explained nearly 56% of the total data variation (adj. r2 0.56); hence, nearly 
40% of the variation in the dependent variable (carbon) remained unexplained. The unexplained 
variation of the model can be attributed to several sources. One major cause was the lack of 
appropriate allometric equation in estimating tree volume, which was converted to biomass-carbon. 
As tree volume calculation was solely dependent on the allometric equations, the accuracy of the 
carbon estimates also depended on the accuracy of the allometric equations. For most of the species, 
one or more allometric equations were available. However, due to lack of their trustworthiness (as 
detailed in Mahmood, Siddique and Akhter (2016), the general global equation for tropical trees were 
used for tree volume calculation. The global equation is a generalization of the volume estimates for 
which error crept into the final estimates of carbon. Phenological variation and tree canopy 
architecture also contributed to the variation in measured carbon. For example, sample plots falling 
in the Teak (Tectona grandis) plantation had higher biomass-carbon content than surrounding natural 
forests. Due to the deciduous nature of this species, much of the leaves were shed during fieldwork. 
Hence, the spectral response of the Teak plantation areas was poor with lower SR value than the 
surrounding natural mixed forests with less biomass-carbon but exuberant canopy greenness. 
Moreover, in the growing season with higher ecosystem productivity, bushes and shrubs produce a 
similar spectral response with forest class, especially the medium-dense forests/plantations, where it 
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becomes difficult to differentiate the variation amongst them. Error in accurately locating the position 
of the field plots might also be a cause of unexplained variation of the regression model. Due to the 
locational error, mismatch arises between the field coordinates and the corresponding point in the 
image (Gizachew et al. 2016). Use of differential GPS (DGPS), which this study could not avail, 
however, reduces the positional error to centimetre level. Moreover, unlike the boreal or temperate 
forests which are less biodiverse with homogeneous canopies over extended areas, canopy structure 
of tropical forests is heterogeneous and complex with an accumulation of many species within a short 
distance. This heterogeneity and complexity cause uncertainty in satellite estimation of stand 
parameters like volume. Optical sensors have the limitations of penetration through the canopy, 
hence, cannot detect the below-canopy information like tree volume. Many trees have exuberant and 
deep canopy expansion while their trunk or branch volume is less. On the other hand, some species, 
for example, in this case, Teak has an open canopy but high trunk volume. As the optical sensors 
sense the top canopy, it fails to detect what are there in the below canopy such as variation in the 
trunk/branch biomass-carbon. To overcome this limitation, microwave remote sensing technology 
which can pass through the forest canopy, e.g. LIDAR, InSAR has evolved as the recent advancement 
in estimating forest biomass. However, for estimating the historic trend of activity data or emission 
factors before 2000, there exists no feasible alternative but to use optical remote sensing data like 
Landsat acknowledging its limitations. 
 Estimation of biomass-carbon dynamics, emission factors and emissions 
Estimated average carbon density per hectare (55 tC/ha, for 2015 carbon map) at Raghunandan was 
either closer to for few cases or much lower in most cases than the other continental-scale pan-tropical 
estimates. Avitabile et al. (2016) is the latest pan-tropical estimates9 of forest biomass as per which 
the average density of biomass-carbon at Raghunandan was 55.5 tC/ha (biomass 111 t/ha), exactly 
equal to the current estimates of carbon. Baccini et al. (2012) gave the estimates of pan-tropical 
biomass-carbon, of which the average value for Raghunandan was 56 tC/ha (biomass 112 t/ha), nearly 
same to our estimate. According to Saatchi et al. (2011), which also gave the pan-tropic estimates of 
forest biomass-carbon, the average carbon density (of both belowground and aboveground biomass) 
of Bangladesh forests is 70 tC/ha. Hu et al. (2016) reported that, the average carbon density for the 
tropical moist deciduous forest as 129.5 tC/ha (biomass 259 t/ha). Similarly, average forest biomass-
                                                 
 
 
9 1 km resolution raster layer of the Pan-tropical estimate of biomass according to Avitabile et al. (2016) is available at: 
https://is.gd/8vb2uT 
137 
 
carbon density in Bangladesh according to Gibbs et al. (2007) is 65 tC/ha, Gibbs and Brown (2007) 
158 tC/ha, IPCC (2006b) 93 tC/ha, DeFries et al. (2002) 137 tC/ha and Brown (1997) 92 tC/ha. Nearly 
all of the studies gave the estimates at 1 km spatial resolution except Baccini et al. (2012), which was 
at 500 m resolution. Noticeably, very wide variation exists in those estimates. It is, in fact, due to 
different methods and systems used in data acquisition, the difference in spatial resolution and spatial 
accuracies, calibration using different field data sets and temporal differences of the estimates 
(Gizachew et al. 2016). Thus, wider variation among the estimates, especially, with that of ours which 
were done at a local scale for a smaller forest area, is not unexpected. Some of the previous studies 
also observed a larger gap between the estimates of Baccini et al. (2012) and Saatchi et al. (2011) 
with local scale smaller area estimates, however, for the national or global scale estimates, the 
difference got narrower (Avitabile et al. 2016; Mitchard et al. 2013).  
A good number of local studies estimated carbon density in Bangladesh forests that came with varying 
results. Remote sensing-based studies like Nishorgo Network (2011) estimated (the deforestation rate 
and) carbon density of live trees for six protected areas of Chittagong region using Landsat TM data 
with values ranging from 9.56 to 126 with the average value of 47.63 tC/ha. Rahman, Csaplovics and 
Koch (2008) estimated carbon in Chittagong using Landsat data where the median of the carbon 
categories of provided forest carbon map was nearly 70 tC/ha. Bangladesh Forest Department in the 
forest and tree resources assessment (BFD 2007) reported that Bangladesh forests were containing 
on average 96 tC/ha. Ground-based studies like Alamgir and Turton (2014) reported that Bangladesh 
forest carbon density was 49-121 tC/ha depending on the vegetation type, where our estimate for 
Raghunandan falls in that range. Rahman et al. (2014) reported that the average (median) above 
ground carbon density of Sundarbans mangrove forest was nearly 97 tC/ha. Alamgir and Al-Amin 
(2007) found the average carbon density of Chittagong south forest to be nearly 73 tC/ha. Shin, Miah 
and Lee (2007) reported that Bangladesh forests stored 92 tC/ha. Manifestly, this study estimate of 
carbon is lower than the majority of the studies while wider variations exist among themselves. The 
variations can again be linked to various methods, sampling techniques and protocols used in those 
independent estimates, various vegetation types where the study was conducted and after all errors in 
the estimates. However, the overall approach applied in this study was meticulously accurate, valid 
and standard; hence, the estimated figure of aboveground carbon and emission or sequestration is 
reliable and accurate, which reflect the real condition of forest aboveground carbon at Raghunandan.  
Carbon content in various forest strata at Raghunandan was different. Majority of the similar studies 
reported that natural forest was holding the highest density of carbon. However, at Raghunandan, 
rubber plantation was found to be the denser stratum of carbon rather than natural forests. This was 
due to the regularly-spaced good stocking density of rubber plantation less affected by anthropogenic 
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disturbances. Due to massive industrialization in the near or far vicinity of the rubber plantation area 
which provide employment opportunities to the locals, as well as better protection given to the 
commercial plantation for rubber production, anthropogenic disturbances are comparatively much 
less in this area (Shahjibazar) than the other areas of Raghunandan e.g. Satchari beat, where natural 
forest is located. As observed in the ground, natural forest areas of Satchari beat are more subjected 
to anthropogenic disturbances like fuelwood collection and illicit felling. Moreover, as natural forests 
have distinct canopy structure with gradation (upper storey, lower storey and undergrowth), 
difference in canopy reflectance for selectively removing trees (selective logging) from the forest 
does not affect much the collective spectral response from that canopy area due to the varieties of 
bushy undergrowth making up the canopy damage, which is difficult to distinguish by the optical 
sensor data. As a result, natural forest areas sometimes show a rich spectral response (e.g. higher SR 
value), but actually, trunk biomass-carbon is less in those areas.  
Most of the studies which estimated the historic trend of carbon by satellite data, in fact, used the 
record of historic NFI data, especially, from the measurements of tree parameters done in the 
permanent sample plots (Aguirre-Salado et al. 2013; Galidaki et al. 2016). At Raghunandan, there 
were no such established permeant sample plots available where the measurements of forest carbon 
could be obtained from for the year 1995 and 2005. The only way to obtain the estimates of carbon 
was the application of the cross-calibration technique to Landsat images. The regression coefficient 
(r2) of the established cross-calibration between 1995 and 2005 Landsat TM bands with 2015 Landsat 
OLI bands were high, explaining 84% and 81% of the variation respectively. Similar results were 
reported in a few other studies. For instance, Propastin (2013) obtained r2 value 0.78 to 0.83 for 
various Landsat ETM+ and MODIS bands in calculating AGB in Indonesia. Rahman (2004) reported 
r2 from 0.74 to 0.98 in cross-calibrating 1992 TM and 2001 ETM+ bands in estimating biomass-
carbon in Bangladesh. However, in our case, nearly 20% variation of the data was not explained by 
the regression model. Hence, the estimation of the 1995 and 2005 forest carbon done by the cross-
calibration method was not flawless. Thus, there had been chances that the real carbon density of the 
strata for those years could be equal, above or below to the current estimates. 
As like other forests of Bangladesh, Raghunandan forest is understocked with biomass-carbon, which 
is evident from the low Degradation Ratio. Degradation ratio is the ratio of inventoried biomass 
density to the potential biomass density, thus obtained by dividing the earlier by the later. As of 1980, 
according to Brown (1997), the degradation ratio of Bangladesh (and India) forests was 0.37 (a figure 
located at the lower end of the scale in comparison to other tropical Asian countries with an average 
degradation ratio of 0.50) with actual biomass densities in these two countries < 170t/ha, although in 
the last forest resources assessment 2005-2007 (BFD 2007), biomass densities of Bangladesh forests 
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was reported 193 t/ha (96 tC/ha). A degradation ratio of 0.37 otherwise means that the biomass 
densities in the forest are about 37% of their full potential. Forests of Brunei, Cambodia and Malaysia 
(Sarawak/Sabah) had the highest biomass densities in the region with 58-72% of their potential (>300 
t/ha) (Brown 1997). A low degradation ratio indicates that forest stock in Bangladesh is degraded and 
is under high pressure. The principal mode of biomass-carbon removal from Raghunandan forest is 
fuelwood collection and illegal removal of trees (illicit felling). Deforestation also goes unabetted. 
During 2001-2016, average gross tree cover loss in Bangladesh was 6679 ha per year (WRI 2018).  
Although Bangladesh forests are understocked with biomass-carbon, its natural forests and 
plantations have great potential in mitigating climate change (Shin, Miah & Lee 2008). Our findings 
reveal that Raghunandan forests were sequestrating more carbon in the plant tissues than releasing to 
the atmosphere due to DFD activities during 2005-2015, though during 1995-2005, the trend was 
opposite. Ongoing plantation activities are contributing to the enhancement of carbon during the later 
period, though a decade ago, large-scale DFD happened in this forest (Choudhury et al. 2004). 
However, natural forests are still being degraded due to the illegal removal of trees and fuelwood 
collection by the locals. Majority of the areas of Raghunandan forest are under non-forest land-use 
category (Figure 5-8), occupied by degraded forests, shrubs, bushes and sungrass. Opportunities exist 
to bring these areas, especially the sungrass areas under effective tree cover by giving priority to the 
locally available and adapted tree species to turn the area into a potential carbon sink. Exploring the 
level of dependence of the local community people to the forest resources at the Chittagong Hill 
Tracts in Bangladesh, Miah et al. (2014) reported that, the forest-dependent community was mainly 
dependent on forest for fuelwood, timber, medicinal plants, bamboo, mammals and nuts which they 
used for both self-consumption and sale. They also reported that to implement a REDD+ project there, 
the dependent community should be given appropriate monetary compensation for refraining from 
forest use. At Raghunandan Hill Reserve area as well, people are dependent on the forest for similar 
products, mainly for fuelwood and timber, but in this case, the greater purpose is to sale to earn a 
livelihood while a lesser portion of the collection is used for self-consumption. Alienation of the 
dependent community from the reasonable and decent use of the forest is just not practicable. Thus, 
enhancement of carbon by intensifying plantation efforts in the non-forest areas with valuable local 
species, and avoiding DFD by involving the community people under a fair and equitable framework 
would be the prime concern and challenge of any REDD+ project implementation at Raghunandan. 
Remote sensing approaches to estimate emissions of carbon from deforestation and forest degradation 
activities at Raghunandan Hill Reserve in Bangladesh was presented in details. The estimates were 
point estimates of emissions of carbon without indications of associated uncertainty due to the time 
constraint for the analysis. The uncertainty (or standard error) is the standard deviation associated 
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with the point estimate. In simple term, it is the degree of lack of knowledge of the true parameter. 
The point estimate of a parameter, e.g. the estimates of carbon density or emissions in this case, 
without a confidence interval might be misleading, as it  provides an impression that it is certain, but 
in reality, it might not be the case (Anderson et al. 2017). For that, Chapter 3, Volume 1 of the 2006 
IPCC Guidelines for National Greenhouse Gas Inventories (IPCC 2006a) recommended reporting the 
level of uncertainty in the emissions (and removal) estimates in the form of 95% confidence interval, 
estimated from the respective distribution about the mean. For example, if the average value of carbon 
density of a forest stratum is 100 t/ha, with a 95% confidence interval ranging from 95 to 105 t/ha, 
the uncertainty in the carbon density estimate can be reported as ±5%. Uncertainty in the estimates 
creeps in due to several reasons including quality and quantity of data, random error, bias, perspective, 
interpretation of the underlying process, and knowledge and skill of the analyst (GOFC-GOLD 2014). 
In any uncertainty analysis, the sources of uncertainties are needed to be enumerated first. In our 
estimates of emissions, uncertainties might originate from sources including errors in the field 
measurements due mainly to human errors, erroneous definition of forest and non-forest classes for 
activity data, errors in image classification and validation leading to double-counting or non-counting, 
errors in regression modelling to fully explain the variability of the dependent variable, and 
inappropriate unrepresentative sampling. Few approaches to uncertainty analysis are in use. Of the 
available approaches, IPCC (2006a) suggested using the Monte Carlo simulation, a numerical 
statistical technique, better suited for estimating uncertainties in the estimates of emissions from 
uncertainties in activity data and emission factors (IPCC 1996). Uncertainties of the activity data and 
emission factors may be large and may not follow a normal distribution, which might be difficult to 
handle applying the traditional statistical approach. Monte Carlo approach is good in handling that 
type of situation (IPCC 1996). This approach conducts inventory calculations in a computer many 
times, with uncertain emission factors or activity data values randomly chosen (by the computer) each 
time within the uncertainties distribution  defined by the user. As such, the Monte Carlo algorithm is 
data and computing-time intensive. The IPCC guidance manual provides only general information on 
the Monte Carlo simulation without detailing how to implement it. More technical details on its 
implementation, particularly for forestry and Greenhouse gases emissions estimations, were referred 
in some other documents, e.g. in one by the Winrock International (McMurray, Pearson & Casarim 
2017). We suggest that further investigations perform the uncertainty analysis of the emissions 
estimates providing a 95% confidence interval about the mean using the Monte Carlo approach as 
recommended by the IPCC.  
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 Conclusions 
Since the advent of REDD+ climate change mitigation mechanism, the interest of the scientific and 
professional community to accurately estimate the emission or removal of forest carbon due to DFD 
activities has intensified. Moreover, the accuracy of the emission estimation is dependent on the 
accuracies and explicitness of both activity data and emission factors, because the total uncertainty of 
emission estimation traces back to the independent uncertainties of activity data and emission factors. 
This study provides a standard and holistic approach to accurately estimate the atmospheric emissions 
of carbon due to DFD activities and also sequestration of carbon due to afforestation, enrichment and 
natural expansion of vegetation at Raghunandan Hill Reserve forest in Bangladesh using remote 
sensing and field data, fully complying with the IPCC good practice guidelines for REDD+. Medium-
resolution Landsat satellite images were effective in spatially tracking the changes of areas from 
forest to non-forest (activity data of deforestation) and from one forest strata to another (activity data 
of degradation) with high accuracy. As part of emission factor estimation, field-level biomass-carbon 
was up-scaled to satellite data to obtain average carbon density for each stratum using regression 
analysis, the most commonly practised parametric method reported in the contemporary literature, 
with acceptable accuracy (r2 0.56). It can, therefore, be concluded that the publicly available Landsat 
data is a promising no-cost satellite image source to effectively detect activity data and estimate 
emission factors and emissions of carbon at Raghunandan, a tropical mixed-forest of Bangladesh. 
However, major uncertainty concern of this study was linking the field carbon with satellite data. 
Further investigations can be done to evaluate if the non-parametric methods like k-nearest neighbour 
or support vector machine algorithm can be used to link field carbon with satellite data and if the 
accuracy increases. However, in that case, a large number of the sample would require, which would 
increase the fieldwork cost. Use of high-resolution optical and non-optical data can also be evaluated 
for greater accuracy of the estimates. Use of such high-resolution data would again increase the 
project cost tremendously. Thus, the ultimate choice would be a trade-off between the statistical 
requirement for the analysis, available budget and logistic support. 
Emission estimation at Raghunandan was primarily based on the volume calculation of individual 
trees in the plots using allometric equations. As the available allometric equations were not 
independently quality controlled and produced unrealistic estimates of per-tree volume, they could 
not be trusted, hence not used. Need of a database of species-specific allometric equations which were 
constructed based on realistic, unbiased and statistically sound field data, and passed through a 
quality-control process based on certain criteria under the auspices of an authorized body-
organization was deeply felt. Bangladesh Forest Department can play the role of that body-
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organization to prepare the database considering the long-term benefit, homogeneity and fairness of 
estimation that can be used by all for all carbon-related concerns, including REDD+. 
To achieve monetary benefits from the REDD+, Bangladesh has to monitor and report the status of 
the carbon emission due to DFD activities using remote sensing technology in a manner which is 
complete, transparent and verifiable by independent bodies. The approaches presented in this study, 
particularly, the feasibilities and challenges of activity data preparation by stratification, linking field-
level carbon with satellite data, carbon density mapping, emission factors and emissions estimation 
can be beneficial for local forest management at Raghunandan (e.g. understanding, analysing and 
anticipating the effect of disturbances on forest, wildlife habitat and carbon fluxes) and can provide 
valuable baseline information for country-level REDD+ project preparation in Bangladesh. A similar 
approach can also be effectively applied to estimate emissions due to DFD activities in other forests 
of Bangladesh. However, to keep the error of estimates at a minimum, the following should be 
considered: selection of cloud and defect free Landsat images, use of DGPS in locating field plots, 
construction and use of species-specific allometric equations (by Bangladesh Forest Department) for 
volume calculations, and accomplishing fieldwork in the same season to keep intra-stratum 
phenological variation at a minimum.  
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Abstract 
Raghunandan Hill Reserve, an important protected area, is located in the north-eastern border fringe of 
Bangladesh.  The reserve supports some remnant patches of natural forests of the region and is the habitat 
of a number of globally threatened primates including Western Hoolock Gibbon, Northern Pig-tailed 
Macaque and Capped Langur. Forest conversion and degradation due to illegal logging and fuelwood 
collection is an old problem that the forest is facing. However, areas of the reserve vulnerable to 
conversion are unknown. This study analysed the historical trend of land-use/landcover transitions at 
Raghunandan since 1995 at ten-year intervals. Predicted changes in forest cover were examined for 2025 
and 2035 using Multi-layer Perceptron Neural Network (MLPNN) with Markov Chain machine learning 
algorithm integrated into Land Change Modeller (LCM) module of IDRISI/TerrSet software. Results 
indicated that, approximately 30-35% of the total area of the reserve is covered by forest, which includes 
patches of natural forest and plantations, while the remaining area is occupied by non-forest categories 
like scattered degraded forests, grasses and shrubs. Forest cover declined during 1995-2005 and then 
increased slightly during 2005-2015 due to afforestation activities. This trend is likely to continue in 
future as well with forest cover occupying nearly 40% of the reserve by 2025 and 2035. These findings 
may have useful REDD+ implications, including identifying at-risk areas of negative forest change for 
priority conservation efforts and identification of areas for reforestation activities to ensure predicted 
future forest expansion.  
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 Introduction 
Deforestation is a global phenomenon with dire negative impacts on carbon stock, ecosystem services 
and biogeochemical cycling (Rideout et al. 2013). Deforestation (and forest degradation) has been 
extensively studied over the past decades using spatial data and software, but its importance has not 
been diminished as the factors influencing deforestation are site-specific (Geist & Lambin 2002; 
Linkie, Smith & Leader-Williams 2004). The link between the rate of deforestation and its potential 
drivers has not been evaluated much (Rideout et al. 2013). For successful planning and 
implementation of any REDD+ (reducing emissions from deforestation and forest degradation) 
project, among other necessities, it is needed to identify areas at risk of both planned and unplanned 
future deforestation and forest degradation (DFD) (Aguilar-Amuchastegui & Forrest 2013; Walker 
et al. 2013). After the amount of emission reductions for a forest is measured and verified, areas at 
risk of DFD are eligible to receive REDD+ payments (Aguilar-Amuchastegui & Forrest 2013). 
Furthermore, linking risk-variables with land-use change/deforestation has become an important 
research focus (Ellis & Porter-Bolland 2008; Geoghegan et al. 2001; Lorena & Lambin 2009). Over 
the past decades, Bangladesh has suffered from extensive degradation of forest resources (Choudhury 
& Hossain 2011; Gain 2002). Several studies have detected DFD using spatial data in Bangladesh 
(Emch & Peterson 2006; Giri et al. 2007b; Nath 2014; Redowan, Akter & Islam 2014). However, 
studies concerning linking deforestation and the potential risk factors are rare.  
Increase of population, rapid urbanization and build-up of impervious surfaces are all putting 
tremendous pressure on natural resources (Ozturk 2015).  Forests, wetlands and agricultural lands are 
being diminished on one side, and forests are being converted to competing land-use agriculture on 
the other side (Speth 2004). Spatial modelling using different techniques at different scales has 
become an important tool to better understand the causes of land-use change/deforestation (Jat et al., 
2008). Land-use/landcover (LULC) modelling helps understand current changes and their probable 
consequences on the surrounding environment (Chang-Martínez et al. 2015). Such modelling of 
LULC change, especially forest change, is becoming essential to adopt appropriate conservation and 
management planning of natural resources. From a REDD+ perspective, models are used to identify 
areas at risk of DFD (also referred to as ‘forest conversion’ in this document) (VCS 2013). Areas 
which are at high risk of DFD due to human disturbance are needed to be designated for monitoring 
(under REDD+), which can be modelled using spatially explicit geographical or proximity data to 
already deforested areas with suitable modelling software (GFOI 2014). Once probable areas of future 
deforestation are modelled and projected, they can be targeted as threat/vulnerable zones where 
REDD+ intervention for emission reduction and forest management measures with appropriate policy 
response could be emphasized (Walker et al. 2013). 
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Spatial models use computer language (e.g. FORTRAN) to simulate land dynamics using spatially 
distributed data (Hall, Hall & Taylor 2000). A variety of software, methods and approaches are used 
for contemporary models (Chang-Martínez et al. 2015). Six different types of spatial models or tools 
have been tested in various studies to predict at-risk areas of DFD in REDD+ project preparation and 
implementation (Aguilar-Amuchastegui & Forrest 2013). They are Land Change Modeller (LCM) 
(Eastman 2007; Khoi & Murayama 2011), GEOMOD (Jr Pontius, Cornell & Hall 2001; Pontius & 
Chen 2006),  DINAMICA (Soares-Filho, Pennachin & Cerqueira 2002; Soares-Filho, Rodrigues & 
Costa 2009), MaxEnt and Zonation (Aguilar-Amuchastegui, Riveros & Forrest 2014; Moilanen 2007; 
Phillips, Andersen & Schapire 2006), CLUE (Verburg & Overmars 2009) and InVEST (Olwero 
2013). All the spatial models predict deforestation and forest degradation risk as a continuous or 
discrete (probability) map based on the expected rate of deforestation. First four models use statistical 
approaches to predict risk based on variables affecting deforestation while InVEST is a heuristic 
modeller which uses a machine learning approach. CLUE is a hybrid model using both statistical and 
machine learning approaches. In addition to these six models, there are several statistical (and GIS) 
software based models used to predict deforestation risk amongst which logistic regression (binomial 
logit model) is prominent (Chowdhury 2006b; Pir Bavaghar 2015). All the models or approaches 
have their own strength and weakness in terms of data input, predictive-efficiency and user-
friendliness (Chu, Lin & Wu 2010). The number of input landcover change map is an important 
consideration in selecting the appropriate model. The models, in fact, predict future deforestation 
based on its past pattern and rate (Bhatta 2010). Obviously, the prediction is better when more than 
one landcover map is used. All of these models require at least one landcover map of the study area, 
among other input layers. LCM and Dinamica require two landcover maps, while GEOMOD, CLUE 
and InVEST require only one landcover map to predict future change. Easiness of use to and the 
capacity to accurately predict the future change of forests/landcover with a subtle change of input 
layers or assumptions (also called the efficiency) are two important considerations for model 
selection. UNFCCC (2007) particularly emphasized that the model to choose for REDD+ purpose 
should be user-friendly and efficient (with high predictive ability), especially when producing 
multiple scenarios are concerned (e.g. baseline or business-as-usual, worst case scenarios). Among 
the models, GEOMOD, LCM, InVEST and Maxent are more user-friendly, while Dinamica and 
CLUE are less; on the other hand, LCM and GEOMOD are probably most-efficient than others for 
REDD+ applications (Aguilar-Amuchastegui & Forrest 2013). However, above all, LCM can be 
considered as the most comprehensive, robust and relatively efficient model compared to other 
models/tools for REDD+ project analysis (Aguilar-Amuchastegui & Forrest 2013).   
This study analysed historical LULC transitions with special emphasis on forest cover and predicted 
forest conversion risk (areas most likely to be converted/deforested/degraded) and probable forest 
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conversion (location and quantity of forest change) by 2025 and 2035 at Raghunandan Hill Reserve 
forest in Bangladesh, employing LCM spatial modelling framework with respect to biophysical and 
human-activity variables.  
 Research approach 
As a modelling framework, LCM accepts two classified images and a set of explanatory variables as 
input, analyses the patterns of current LULC transitions, and generates transition potential of future 
change. Thus, the overall modelling activities can be divided into three modular phases; LULC 
change analysis (Module 1), LULC transition potential modelling (Module 2), and transition 
prediction (Module 3) (Figure 6-1). First, three LULC and forest/non-forest maps of 1995, 2005 and 
2015 were created by classifying Landsat images and validated. Then, fourteen explanatory variables 
of LULC and forest change (listed in Table 6-1) were prepared using standard procedures in remote 
sensing and geographic information system environment. Finally, the classified images and the driver 
variables were used as inputs in LCM, and necessary analyses in each of the modular phases were 
performed sequentially. The outputs were maps showing the risk (probability) of future 
forest/landcover conversion and probable (predicted) conversion. 
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Figure 6-1: A flowchart showing the modelling framework in LCM to predict the future LULC 
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 Study area 
Raghunandan Hill Reserve (6143 ha, located at 24°5'48"-24°16'11"N, 91°21'40"-91°28'23"E) in 
Bangladesh encompasses an undulating topography of low hills (locally called ‘Tilla’) and plains. 
Height of the hillocks ranges from 11-114 meters above mean sea level, as measured from the 30m 
resolution SRTM Digital Elevation Model (DEM) (Figure 6-4). Several seasonal canals and streams 
pass through and across the reserve. These streams often cause flash flood during the monsoon, while 
during the dry season (winter) they dry up leaving beds with a large amount of sand deposits. The 
natural forest at Satchari beat of Raghunandan reserve supports several globally-threatened primates 
including Western Hoolock Gibbon (Hoolock hoolock), Northern Pig-tailed Macaque (Macaca 
nemestrina) and Capped Langur (Trachypithecus piieatus) (Nishorgo Network 2017). 
Raghunandan Hill Reserve is subjected to massive anthropogenic disturbances. Except for a small 
natural forest portion (nearly 200 ha) at Satchari beat, large-scale conversion of the indigenous forests 
to plantations has even altered the forest type of Raghunandan as a whole (Choudhury et al. 2004). 
Like other tropical forests (DeFries et al. 2007), illicit felling (poaching)  and fuelwood collection are 
two major drivers of forest degradation at Raghunandan (IPAC 2009; Sultana 2007). Practically, more 
than half of the area of this reserve is degraded forests, occupied by grasses and shrubs. Especially, 
sungrass (Saccharum spontaneum), locally known as ‘Ulu Chon’, an aggressive colony-forming 
rhizomatous dense perennial grass, which is listed as an invasive weed in many countries, has heavily 
infested the degraded areas of Raghunandan. As sungrass is highly flammable, during the dry season 
under the hot sun, it leads to fire hazard every year. Grasses and shrubs areas are very often used as 
cattle grazing lands by the local people.
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Figure 6-2: Location of the Raghunandan Hill Reserve forest at Habiganj district in Bangladesh. Shapefiles courtesy: BFD (2001). Bangladesh map 
courtesy: Reddy et al. (2016a). Location of furniture shops and sawmills: Field GPS survey by Mohammad Redowan 
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 Obtaining existing scenarios of LULC 
To visualize the existing scenarios of landcover at Raghunandan, and as input layers to LCM, three 
LULC maps were prepared classifying three anniversary date (10th March) Landsat TM and OLI 
images of 1995, 2005 and 2015. Detailed procedures of image classification and validation to produce 
LULC maps was described in the process of activity data development in Chapter 4. A synoptic view 
of the major work steps for that has also been given in Figure 6-3. 
Landsat images 
1995, 2005, 2015
MonteCarlo Unmixing 
in Claslite
Preprocessing
Forest/Non-forest map
1995, 2005, 2015
Expert Classification
LULC map 
1995, 2005, 2015
Accuracy assessment
-- Field knowledge
-- Field reference data
-- Vegetation indices
-- Field reference data
-- GoogleEarth image
 
Figure 6-3: Flowchart of Landsat image processing to create LULC and forest maps of 1995, 2005 
and 2015 
 Obtaining driver variables data 
 Identification and collection of driver variables 
LULC change and deforestation is driven by a number of biophysical and socioeconomic or human-
activity variables (Boonyanuphap 2005; Chowdhury 2006a). The spatial pattern of forest conversion 
is also linked with various interacting and interrelated physiographic and anthropogenic variables 
(Linkie, Smith & Leader-Williams 2004). Spatially explicit LULC models analyses the relationship 
between the LULC changes and the drivers causing the change in the past, and predict the scenarios 
of changes in future (Mas & Sandoval 2011). The performance and evaluation of a LULC model are 
directly determined by the quantity and quality of input variables (Chang-Martínez et al. 2015). Thus, 
the selection of appropriate driver variables for analysing LULC change for a forest is important.  
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Forest and LULC changes are often correlated with physical accessibility and proximity variables 
(Khoi & Murayama 2010). Tobler’s (Tobler 1970) first law of Geography states, everything is related 
to everything else, but nearer things are more related than distant things. Distance from the forest 
edge and elevation were strongly negatively correlated with forest conversion (Agarwal et al. 2005; 
Gorenflo et al. 2011). Road accessibility to the forest was a major contributing factor to deforestation 
and forest conversion in a number of landcover prediction studies (Ali et al. 2005; Cropper, Puri & 
Griffiths 2001). Roads provide access to previously remote areas, promoting anthropogenic 
disturbances. Areas which have already been disturbed has infrastructure, area and facility 
developments which promote further disturbances along current disturbance edges. As environmental 
gradients such as temperature and precipitation change with elevation, the elevation is a good 
predictor for areas that are suitable for agriculture, and are vulnerable to conversion to agricultural 
lands. The slope is important in determining whether the land is useful for human. For example, areas 
with fairly gentle slope are required for agriculture and building construction. Hence areas with a 
gentle slope are susceptible to anthropogenic disturbances. Increase in slope condition resulted in a 
decrease of deforestation (Sader & Joyce 1998). Urban centres extend with the increase of population 
areas, so current urban centres are frequently susceptible to LULC change. Population density is one 
of the major factor responsible for rapid deforestation in the tropics, as more population means more 
demand for wood and non-wood forest products (Carr, Suter & Barbieri 2005). Proximity to water 
and streams can influence LULC conversion, and deforestation as the cultivation of crops require 
water supply (Khoi & Murayama 2010). Illegally logged trees can be transported through the canals 
and rivers. Proximity to forest edge and type of neighbouring land-use of a forest has a relationship 
with forest conversion (Khoi & Murayama 2010). Deforestation was found strongly influenced by 
the distance to edges of forest (Ludeke, Maggio & Reid 1990). The list of the driver variables of 
LULC change can be longer.  
Transition potential modelling assumes that the input variables have a correlation with the present 
pattern of deforestation and LULC change, and it will continue in the future as well. Hence, choosing 
appropriate input variables with relatively higher predictive value is important for accurately 
predicting future scenarios of forest change. The choice of the variables should be based on the 
knowledge of the study area. In this study, a total of fourteen driver variables (Table 6-1) including 
the proximity to primary forest and proximity to already deforested/disturbed areas of 2005 and 2015 
were used to predict future scenario of LULC. These variables were selected based on the availability 
of reliable data and the consideration that they comprise a good portion of the contributing factors 
driving forest and LULC change at Raghunandan Hill Reserve in Bangladesh. These variables were 
widely used in many recent LULC and forest change modelling studies (Abuelaish & Olmedo 2016; 
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Khoi & Murayama 2010; Rimal et al. 2017; Shooshtari & Gholamalifard 2015; Thapa & Murayama 
2011). 
Table 6-1: Spatial data layers and driving variables of LULC and DFD changes at Raghunandan used 
in LCM 
Variables Sources Description 
LULC map 1995 Image classification Raster map with 8 LULC categories 
LULC map 2005 Image classification Raster map with 8 LULC categories  
LULC map 2015 Image classification Raster map with 8 LULC categories  
Forest-Nonforest map 
1995 
Image classification Raster map with 2 categories  
Forest-Nonforest map 
2005 
Image classification Raster map with 2 categories  
Forest-Nonforest map 
2015 
Image classification Raster map with 2 categories  
Proximity to forest 
disturbance 2005 
GIS analysis Euclidean distance to already deforested 
areas extracted from 1995-2005 change map 
Proximity to forest 
disturbance 2015 
GIS analysis Euclidean distance to already deforested 
areas extracted from 2005-2015 change map 
Proximity to primary 
forest 2005 
GIS analysis Euclidean distance to natural forests of 2005 
LULC map 
Proximity to primary 
forest 2015 
GIS analysis Euclidean distance to natural forests of 2015 
LULC map 
Elevation SRTM DEM 30m resolution Digital Elevation Model 
(DEM) of Raghunandan 
Slope gradients DEM 30m res Slope-class of the area extracted from DEM 
Aspect DEM 30m res Aspect of the hills extracted from DEM 
Proximity to 
streams/rivers 
Distance operations Euclidean distance to nearby river/stream 
edge 
Proximity to settlement Distance operations Euclidean distance to colonies from the 
forest 
Proximity to sawmills 
and furniture shops 
Distance operations Euclidean distance of timber conversion 
plants around the forest 
Proximity to roads Distance operations Euclidean distance to nearby road-networks 
Proximity to rail 
stations 
Distance operations Euclidean distance to local rail stations 
Proximity to urban 
centres/markets 
Distance operations Euclidean distance to urban centres and 
markets 
Proximity to natural 
forest access points  
Distance operations Euclidean distance to the mostly-used access 
points at Satchari beat and national park 
 
Proximity data of driver variables in this study consisted of locational feature data (Shapefiles) of 
point, line and polygon, and DEM. Shapefiles of settlements and colonies, urban centres, road and 
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rail networks, streams/rivers and forest boundary were obtained from the Bangladesh Forest 
Department (BFD 2001). Geographical location of the sawmills and furniture shops, and main access 
points to the natural forest were collected by GPS survey in the field by the first author (Table 6-1). 
A 56 channel Ublox-7 GPS/GLONASS (VK-172) attached to a mobile display by USB port was used 
for recording coordinates precisely. A total of 122 furniture shops, 65 sawmills and 10 local markets 
situated within nearly ten kilometres around the boundary of Raghunandan Hill Reserve were spotted, 
and their geographic positions were recorded during the field campaign. Coordinates of the nearest 
rail stations to Raghunandan Hill Reserve were collected from GoogleMap. GPS coordinates of all 
points were then transferred to MS Excel and converted to point shapefiles in ArcGIS. For elevation 
and its derivatives (slope and aspect), 30m resolution SRTM DEM was collected download from the 
Earth Explorer (http://earthexplorer.usgs.gov/) web of United States Geological Survey (USGS).  
 Preparation of driver variables 
LCM only accepts the input data as IDRISI-format continuous raster layers (.rst). Discrete variables 
are not accepted by LCM. Categorical variables needed to be transformed into evidence likelihood 
layers. Moreover, all the input driver variable rasters in LCM should be of the identical reference 
system, spatial extent (number of rows and columns), and spatial resolution. In addition, the landcover 
maps should have the same legend categories, identical background area and background values 
(zero). 
Except for the classified LULC maps, the original form of all driver variables was vector layers 
(Shapefiles) of point, line or polygon. All the spatial layers were projected to Universal Transverse 
Mercator (UTM) zone 46 N with the datum WGS84 in ArcMap.  
Distance to the vector layer features (locational shapefiles) was calculated using the ‘Euclidean 
Distance’ geospatial tool in ArcMap version 10.4.1. The outputs of distance operations were raster 
layers (maps) depicting the distance of any points in the study site from any particular vector feature. 
Initial distance rasters were bigger in extent, which was subset to the extent of the study site. The 
spatial extent of 1995 classified image of Raghunandan, which was previously clipped out using 
boundary shapefile, was used as the spatial extent for subsetting distance rasters. Subsetting was done 
using ‘Extract by mask’ geoprocessing tool in ArcMap, activating the ‘snap raster’ to 1995 classified 
map option available in the Processing Extent (Environment setting). The spatial resolution of the 
raster layers of all driver variables was kept to 30m to match with the resolution of Landsat image 
and LULC maps (30m). Thus, all the inputs distance layers in LCM, including the classified maps, 
DEM, slope and aspect were of the same spatial extent (no of row 375 and column 641), resolution 
(30m) and projection system.    
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Figure 6-4: Driver variables used in LCM.1 Elevation (DEM) 2. Proximity to urban centres/markets 
3. Proximity to settlement 4. Proximity to roads 5. Proximity to streams/rivers 6. Proximity to rail 
stations 7. Proximity to primary forest 2015 8. Proximity to primary forest 9. Proximity to sawmills 
and furniture shops 10. Proximity to forest disturbance 2005 11. Proximity to forest disturbance 2015 
12. Proximity to natural forest access points at Satchari (in meters)  
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Table 6-2: Summary statistics of the driver variables 
No Spatial variable name Min Max Mean St Dev. 
1 Proximity to forest disturbance 2005 0 942 165 170 
2 Proximity to forest disturbance 2015 0 1012 173 175 
3 Proximity to primary forest 2005 0 16847 7054 4478 
4 Proximity to primary forest 2015 0 16845 7038 4477 
5 Elevation 11 114 54 18 
6 Slope gradients 0 26 5 3 
7 Aspect -1 359 183 105 
8 Proximity to streams/rivers 0 12686 4533 3433 
9 Proximity to settlement 0 2922 1257 671 
10 Proximity to sawmills and furniture shops 0 8560 3893 1648 
11 Proximity to roads 0 3305 1339 735 
12 Proximity to rail stations 0 12452 5623 2619 
13 Proximity to urban centers/markets 402 8171 4789 1772 
14 Proximity to natural forest access points  0 16706 7051 4209 
 
 Modelling framework in LCM 
LCM is a powerful modelling and analytical tool, well-known in support of REDD+ projects. It comes 
as an integrated vertical application within the IDRISI/TerrSet software developed by Clark Labs 
(Clark Labs 2017), or as an extension to ArcGIS (for version 10.2 and later). LCM includes a large 
set of tools that can be used to complete every step in the land change modelling process. It has 
recently been used in a number of predictive modelling applications including deforestation (Fuller, 
Hardiono & Meijaard 2011; Khoi & Murayama 2010), LULC change trend (Islam, Rahman & 
Jashimuddin 2018; Sangermano, Toledano & Eastman 2012; Shooshtari & Gholamalifard 2015), 
urban growth (Ozturk 2015), and habitat modelling (Gontier, Mörtberg & Balfors 2010).  
The working principle of LCM is that it assesses the relationship among the biophysical and human-
activity drivers and areas of landcover change obtained from at least two landcover maps (three is 
best), and then predicts the future landcover change based on past rate and pattern of change. LCM 
establishes the correlation between past LULC and their driving variables (transition potential 
analysis) by a number of mechanisms or models which include Multilayer Perceptron Neural Network 
(MLPNN), simulated weights of evidence (Sim Weight), maximum entropy, logistic regression, 
multiple regression and Mahalanobis (Aguilar-Amuchastegui & Forrest 2013). 
Prediction of future scenarios of LULC is generally done in LCM by Markov Chain analysis, a 
method named after Russian mathematician Andrei Andreyevich Markov who pioneered the study 
of a stochastic process (that includes random variables). LCM operates on integrated Cellular 
Automata Markov Chain based MLPNN approach which performs landcover change modelling 
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better than logistic regression and other empirical modelling tools like empirical likelihood and 
empirical probabilities  (Eastman 2009).  
Multifarious driving forces cause the forests to change. Very often, there exists a non-linear, complex 
relationship between the drivers and the changes (Mas et al. 2004). An appropriate modelling 
approach is necessary to account for such a complex relationship (Khoi & Murayama 2010). MLPNN 
is good in detecting non-linear relationships of forest change and the drivers and does not require 
variable values to be transformed, where, on the other hand, multiple regression approaches perform 
poorly (Lek et al. 1996). One big advantage of MLPNN is that it can handle multiple transitions at a 
time. On the other hand, Sim Weight and logistic regression can only be used to model one transition 
at a time such that each transition must also have its own sub-model. Overall, the MLPNN approach 
is considered better in land change modelling (Lek et al. 1996; Mas et al. 2004; Yuan, Van Der Wiele 
& Khorram 2009; Zhou & Civco 1996).  
The process of land change modelling in LCM was performed under three main module components, 
viz. change analysis, transition potential analysis and change prediction (Eastman, Van Fossen & 
Solorzano 2005). Operations involved in each of the modules have been detailed below.  
 LULC change analysis (sub-model 1) 
LCM predicts the future change in LULC based on the past pattern and rate of LULC change obtained 
from the analysis of the LULC maps of two previous years. This change analysis is performed in this 
module. In the process, classified images of two dates are imported into the predefined working folder 
in LCM in IDRISI format (file names with suffix .rst) as earlier and later maps. As a requirement, 
both raster maps must have common class-categories, legend, background areas and background 
values. If anyone or both of them does not meet these criteria, LCM will pop up an error message 
asking for making the match in the self-suggested ways. The change analysis module is equipped 
with options for mapping the transitions and trends of transitions in LULC categories in a spatially 
explicit manner, including category-wise quantitative assessment of net or gross losses and gains. 
Further parts of the analysis of change prediction in LCM, including transition potential analysis is 
substantially based on change analysis done in this module. LULC raster maps of 1995, 2005 and 
2015 resulted from image classification were used to analyze the transition of LULC categories in 
change analysis module in the form of graphs and maps. ‘Crosstab’ module of IDRISI/TerrSet was 
used to compare two classified images (LULC maps) and calculate the extent of area exchange 
between categories through this change analysis module in LCM (Eastman 2012).  
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 LULC transition potential analysis (sub-model 2) 
Transition potential (image) indicates the probability that a transition in LULC will occur. Transition 
potential analysis in LCM was done after the change analysis. It is the critical stage of LULC change 
modelling (Shooshtari & Gholamalifard 2015). Several alternative methods are available for 
generating transition potential in various modellers, including LCM. As for example, LCM uses back-
propagation MLPNN, logistic regression and simulated weights of evidence, GEOMOD uses 
empirical probabilities, DINAMICA uses weights of evidence, while CLUE uses logistic regression. 
Among these alternatives, both MLPNN and logistic regression were reported to be viable methods, 
where MLPNN was the most robust (Eastman, Van Fossen & Solorzano 2005). MLPNN was 
successfully used by a number of recent landcover/forest change studies in generating transition 
potential (Khoi & Murayama 2010; Kim 2010; Leh, Bajwa & Chaubey 2013; Thapa & Murayama 
2011). MLPNN is integrated into LCM as a built-in package. This study employed the MLPNN 
method to simulate the transition potential of LULC change at Raghunandan. 
In the case of 1995-2005 transition analysis, forty-three possible transitions were identified and 
grouped into and analyzed under five transition sub-models. A transition sub-model is a collection of 
transitions which share the same driving variables of LULC change. A model for a particular area 
may have from a single to many sub-models. Each sub-model needs the creation and evaluation of 
transition potential individually. In this case, five transition potentials were created. In the transition 
sub-model structure in LCM, the role of each variable needed specifying. The role can be either static 
or dynamic. Dynamic variables become updated at each time step during the training. However, in 
our case, all the fourteen input variables were static in their role. 
 Training the MLPNN 
In transition analysis module, LULC maps along with the driver variables (explanatory variables) are 
inputted to LCM. The appropriate driver variables which have a potential contribution in LULC 
transition are selected examining a few indicators. MLPNN creates a multivariate function that can 
predict the potential of a pixel to transition based on the values of the driver variables for that pixel. 
MLPNN is an interactive machine-learning process working with a network of three-layer nodes; an 
input layer of several driver variables with same number of nodes, an equal number of hidden-layer 
nodes to the driver variables, and an output node of one layer depicting the transition potential map 
(Figure 6-1) (Khoi & Murayama 2010). As the MLPNN is a back-propagation neural-network, it 
operates on forward and backward propagations. That is, the neural network continues running both 
forward and backward propagations until it learns the characteristics of the classes and their weights, 
which are distributed between the input and hidden layers, and between hidden and output layers 
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(Atkinson & Tatanall 1997). The MLPNN first selects random samples of pixels that went through 
each transition being modelled. The pixels that could have gone through each transition but did not 
are called persistence. Half of these sample pixels (total number of which is user-defined) were 
randomly selected and used by the model for training, and the other half to test how well it was 
predicting the change (Clark Labs 2017). While the MLPNN is running, the graph and running 
statistics continuously updates to provide with information on the predictive power of the model. The 
accuracy and skill measures are particularly important as they provide a first look at how the driver 
variables can predict change. At the end of the training, an html file pops up providing the basic 
information of input parameters and model skill, which are used to assess the transition potential of 
the driver variables (Clark Labs 2017).  
 Assessment of the potential of driver variables in LULC transition  
Cramer’s V correlation: The potential impact of an explanatory variable on LULC transition can be 
verified by several methods amongst which Cramer’s V correlation is one. Cramer’s V measures the 
strength of association between two variables on the basis of Chi-square statistic, a most popularly 
used a measure of nominal association (Zawadzka et al. 2015). It is calculated using the following 
formula (Cramer 1999): 
 
Cramer’s V =  √
χ2
𝑁(𝑚−1)
 Eq. 6-1 
Where χ2 is Chi-square, N is the Population and m is the number of columns or rows in the table.  
Value of Cramer’s V ranges from 0-1. A higher value of Cramer’s V (close to 1)  indicates the good 
potential explanatory power of the variable but does not guarantee that it will perform stronger in the 
model as it cannot account for the complexity of the relationship and mathematical requirements of 
the used modelling approach (TerrSet help 2017). However, a variable can be discarded if Cramer’s 
V value is low. To be more specific, if the value of Cramer’s V for a particular variable is 0.15 or 
higher, it is useful, while a value of 0.4 or higher is considered good in testing the worthiness of the 
driver variables. The associated p-value indicates the probability that Cramer’s V is not significantly 
different from 0. The assumed hypothesis for p is that the selected samples are independently drawn; 
hence, they have no spatial dependence with each other. A smaller value of p does not necessarily 
indicate that the variable is worth including in the model. However, a high p-value clearly indicates 
that the variable can be discarded (TerrSet help 2017). The Cramer’s V coefficients were determined 
and examined with p-value <0.05. If a variable was found significantly contributing to the transition, 
it was added to the model, otherwise discarded. Multi-collinearity among the spatial variables and 
their redundancy are not issues of concern for the current modelling approach, because, as a non-
160 
 
parametric machine learning tool, the neural network can effectively handle the issues (Li & Yeh 
2002). 
Skill measure: Another comprehensive method of evaluating the model performance with respect to 
the input variables are skill measures and overall accuracy of the training in MLPNN. Skill measure 
was determined based on the expected accuracy. Expected accuracy, E(A) = 1/(T+P), where T is the 
number of transitions in the sub-model, P is the number of persistence classes is the number of “from” 
classes in the sub-model. Model skill (S) is then calculated as, S = (A – E(A)) / (1 – E(A)), where A 
is measured accuracy, and E(A) is expected accuracy (TerrSet help 2017).  
The value of skill statistic varies from -1 to +1. 0 skill indicates the model is performing no better 
than the chance. The value of 1 indicates perfect prediction, while a negative value is indicative of 
performance worse than the chance. 
Based on both the Cramer’s V and the skill measure, contributions of the variables in the model were 
assessed, and the decision whether to include or discard them in the final model-run was taken.  
The output of LULC transition potential analysis is LULC transition potential map, a map showing 
the probability of LULC transition with values ranging from 0 to 1. It is also called a soft prediction 
map, depicting the vulnerability of each pixel to transition to a different land cover type during the 
time period specified. For example, areas of red (in a hypothetical transition potential map), have a 
high potential to transition, while areas of blue and purple have low potential to transition.  
 LULC transition prediction (sub-model 3) 
Prediction of LULC is based on the probability of transaction of one LULC class to another, which 
is determined by Markov Chain analysis (Burnham 1973). LCM predicts LULC (hard prediction) 
utilizing its own competitive land allocation procedure, a process similar to Multi-Objective Land 
Allocation (Eastman 2016). Multi-objective land allocation combines the predictions for LULC 
quantity and location obtained by Markov Chain analysis with the transition potential (maps) 
produced by MLPNN to assign area allocation for each LULC categories for the prediction map 
(Eastman 2009; Khoi & Murayama 2010). Multi-objective land allocation examines all transitions to 
create a matrix consisting of a number of host-classes (class losing land) and claimant-classes (class 
gaining land) for each host (Eastman 2009). The quantities of the area are determined by Markovian 
analysis through the generation of the transition probability matrix. Based on the Markov transition 
probability, each transition potential map is given a weight value of 0-1, which sums up to 1. On the 
basis of that, multi-objective land allocation allocates a land area to the claimants of a host class. 
Overlaying the land allocation for each host class produces the LULC prediction map (Eastman 
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2009). The prediction map (also called the hard prediction map) predicts a specific landcover type for 
each pixel.  
Using this procedure in the transition prediction module in LCM, this study predicted the LULC and 
forest cover maps of 2015, 2025 and 2035. LULC and forest cover of 2015 were predicted using the 
transition potential of 1995 to 2005. LULC and forest cover maps of 2025 and 2035 were predicted 
using the transition potential of 2005 to 2015. Predicted LULC and forest cover maps of 2015 were 
used to validate the model prediction. 
 Model validation 
Validation assesses the quality of the prediction. Validation of the predictive power of the model is 
important as the future prediction can only be made if the simulation produces a valid result 
(Moghadam & Helbich 2013). Validation of simulation (model) is different from the validation of 
the classified image. Image classification is validated using independent reference samples. However, 
model validation is done by comparing a simulated map against a reference map (Hall, Guerrero & 
Masera 2005). In the process of validation, the LULC and the forest cover of 2015 was predicted in 
LCM using spatial driver variables of 2005 and LULC transitions of 1995 to 2005, considering 1995 
as the base year. LCM-predicted 2015 LULC maps were then compared against the actual 2015 
LULC map resulted from Landsat image classification. After assessing the predictive power of the 
model, the prediction for 2025 LULC was made using driver variables of 2015 and LULC transition 
of 2005 to 2015 considering 2005 as the base year. Thus, the spatial data used for validation were 
separate from that of prediction. 
Two endorsed approaches of model validation are available; statistical and visual (Pontius Jr. & Chen 
2006). However, as the visual approach might be subjective and misleading (Pontius Jr. & Chen 
2006), a statistical approach was used in this case.  
LCM has a built-in validation module (VALIDATE), which compares prediction with real-time 
maps. The output from the VALIDATE module was assessed by inspecting the values of Kappa Index 
of Agreement (KIA) and its variations. Kappa variations include traditional standard kappa (denoted 
by Kstandard) or overall kappa introduced by Cohen (1960), plus three others introduced by Pontius 
Jr. (2000). That added more useful information, including Kappa for no information (Kno), kappa for 
grid-cell level location (Klocation) and kappa for stratum-level location (KlocationStrata). As 
Cohen’s kappa alone is not appropriate to indicate the accuracy of both location and quantity (Pontius 
Jr. 2000), all variations of kappa have to be used. The Kno dictates the correctly-classified proportion 
in relation to the expected proportion to be correctly classified in the simulation without specifying 
the location or quantity (Ozturk 2015). The Klocation indicates how well the grid cells are located on 
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the landscape while the KlocationStrata indicates how well the grid cells are located within the strata 
(TerrSet help 2017). Use of all the variations of kappa help in assessing the overall success rate of 
the model with an understanding of both location and quantity (Geri, Amici & Rocchini 2011).   
The value of all variations of kappa ranges from 0 to 1. The higher the value, the greater is the 
agreement between the modelled and the actual LULC. Value of 1 indicates complete agreement or 
the same or strong association, while 0 indicate completely different or weak or no association. 
Generally, value > 0.8 indicate strong agreement, 0.6-0.8 indicate substantial agreement, 0.4-0.6 
indicate moderate agreement and < 0.4 indicate weak agreement (Zheng et al. 2015).  
 Results  
 Existing scenarios of LULC 
The LULC and the forest cover maps of Raghunandan for 1995, 2005 and 2015 were derived by 
routine image classification as shown in Figure 6-6 and Figure 6-7 respectively. Statistics of the 
change was displayed in Table 6-6 for the LULC and in Table 6-8 for the forest cover. There had 
been eight categories in each LULC maps of Raghunandan; five forest strata and three non-forest 
strata namely modified natural forest dense (MNFD), modified natural forest medium-dense 
(MNFMD), dense plantation (DP), medium-dense plantation (MDP), rubber plantation (RP), 
scattered forest and shrubs (SFS), grassland and fallows (GF), and non-vegetated land-use (NVL). 
The overall accuracies were 92.0%, 92.89% and 94.44% respectively for 1995, 2005 and 2015 
classified images with kappa statistic 0.91, 0.92 and 0.94 respectively. As forest cover transition 
analysis was the principal focus of this study, the forest cover was mapped and predicted separately 
as the forest and the non-forest from overall LULC categories. Nearly one-third of the total area of 
the Raghunandan Hill Reserve was under forest cover from 1995 to 2015, whereas nearly two-thirds 
of the reserve was occupied by non-forest cover classes. The forest cover first declined from 34% 
(2078 ha) of the total study area in 1995 to 31% (1931 ha) in 2005, then increased to 36% (2214 ha) 
in 2015 (Table 6-8, Figure 6-5, Figure 6-7). On the other hand, the non-forest was 66% (6065 ha) in 
1995 which increased to 69% (4213 ha) in 2005 followed by a decrease to 64% (3929 ha) in 2015. 
The rate of the forest cover decrease was 0.74 percent per year (%/yr) (equivalent to 15 ha/year) 
during 1995-2005 while it increased at a rate of 1.37 %/yr (28 ha/year) during 2005-2015. Evidently, 
the rate of the forest cover increase was nearly double in the second half period than the rate of 
decrease in the first half over the span of 20 years since 1995.  
Of the five forest strata (LULC), loss of MNFD was 79 ha (from 186 ha to 107) during 1995-2005 
while during 2005-2015, it increased by 82 ha (107 to 189 ha) (Table 6-6 and Table 6-8). On the 
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contrary, MNFMD increased during 1995-2005 by 24 ha getting the area from MNFD mainly and 
then decreased by 48 ha leaving off the area to MNFD due to natural growth and enrichment. The 
trend of these two classes is opposite to each other during the two periods as they are contiguous to 
each other. Rubber plantation (RP) did not change much (-13 ha) during 1995-2005 with much 
increase (62 ha) during 2005-2015. DP and MDP maintained a similar trend during the periods. 
Among the non-forest categories, SFS showed a trend of increase by decreasing rate over both the 
periods while GF was continually decreasing at decreasing rate (-661 ha, -381 ha) over the whole 
study period (Table 6-6 and Table 6-8). GF comprised the largest category of LULC in all the years, 
followed by SFS and RP. Natural forests (MNFD and MNFMD) comprised the smallest LULC 
categories at Raghunandan.  
 
Figure 6-5: The trend of change of the forest and the non-forest areas during 1995-2035 
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Figure 6-6: Zoomed in view of a portion of LULC maps of 1995, 2005 and 2015 obtained by image classification (top) and predicted for 2025 and 
2035 by LCM (bottom).Acronyms of LULC classes: DP=Dense Plantation, GF=Grassland and Fallows, MDP=Medium-dense Plantation, 
MND=Modified Natural Forest Dense, MNFMD=Modified Natural Forest Medium-dense, NVL=Non-vegetated Land-use, RP=Rubber Plantation, 
SFS=Scattered Forest and Shrubs  
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Figure 6-7: Zoomed in view of a portion of the forest cover maps of 1995, 2005 and 2015 obtained by image classification (top) and predicted for 
2025 and 2035 by LCM (bottom) 
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 Assessment of the potential of driver variables in LULC transition 
During the transition potential assessment, the contribution of the driver variables in land-use 
transition during a particular period was assessed and selected based on Cramer’s V (Table 6-3) and 
model skill measures (Table 6-4 and Figure 6-8). During 1995-2005 and 2005-2015 periods for 
predicting 2015 and 2025 or 2035 LULC respectively, forty-three possible transitions were dealt 
under five transition sub-models (LULC_1 to 5) each containing a maximum of nine transitions. The 
Cramer’s V for each variable and each period were obtained during variable training and testing phase 
in MLPNN. Variables with the Cramer’s V 0.15 or higher (p <0.05) were selected finally. For 2015 
LULC prediction based on 1995 and 2005 LULC maps, two spatial variables viz. slope gradient 
(0.0408) and aspect (0.0449) were found yielding Cramer’s V < 0.15; therefore discarded. The skill 
measure graph also indicated these two variables insignificant in landcover transition, hence not used 
finally in predicting the 2015 LULC map. Similarly, for predicting the 2025 and 2035 LULC maps 
based on the transition analysis of 2005 and 2015 LULC maps, slope gradient (0.0417) and aspect 
(0.0458) were found insignificant; therefore these two variables were discarded from further inclusion 
in the model. The remaining twelve variables with the respective LULC maps were used in the final 
prediction for 2015, 2025 and 2035 LULC. The skill measure graphs also indicated that the slope 
gradient and the aspect had insignificant contributions in LULC transitions. Out of the five transition 
sub-models, one showed the slope gradient and the aspect having contributions in LULC transition. 
However, as the other four sub-models and Cramer’s V indicated slope and aspect did not have much 
bearing on the transition, these two variables were ultimately discarded. The skill measure is, 
however, more explicit in explaining model skill to analyze transitions. A skill measure graph for the 
forest cover transition was shown in Figure 6-8. This skill measure graph showed when other eleven 
variables were forced to keep constant, using only variable 8 would result in skill measure 0.2176 
with 28.28% model accuracy. With the addition of more spatial variables, model accuracy increased, 
and when all variables were used together, highest model skill achieved was 0.5050 with 54.62% 
accuracy (Table 6-4) and (Figure 6-8). In the case of the forest cover transition analysis too, slope 
and aspect were not included on the same ground of lower Cramer’s V value and skill measure. Thus, 
the decision to discard slope and aspect was based on both Cramer’s V and skill measure analysis.  
Of the twelve variables, proximity to the primary forest (natural forest) in 2005 and 2015 were the 
most important spatial variables for both LULC and forest cover transition at Raghunandan followed 
by proximity to the natural forest access points, proximity to the streams/rivers, proximity to the urban 
centres and proximity to the rail stations (Table 6-3). Least influential variables for LULC transition 
included proximity to the forest disturbance for 2005 for 2015 LULC prediction (Cramer’s V 0.1817), 
proximity to the settlement (0.1915) and proximity to the roads (0.2151). In case of the forest cover 
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prediction, Cramer’s V values were close to each other for less influential variables including 
proximity to the roads (0.2129), proximity to the settlement (0.2217) and proximity to the forest 
disturbance 2015 (0.1999) for 2015 and 2035/2035 forest cover predictions (Table 6-3). Noticeably, 
corresponding Cramer’s V values for the variables for accuracy assessment predictions for 2015 and 
future predictions for 2025/2035 were very close to each other or nearly the same. For example, for 
elevation, Cramer’s V value for accuracy assessment prediction of 2015 forest cover is 0.2340 while 
for 2025 prediction, the value is 0.2302. The minute difference was due to running the Cramer’s V 
test for the predictions independently. 
Table 6-3: The Cramer's V value was used to determining the contributory power of the spatial driver 
variables in landcover transition analysis of 1995-2005 LULC and forest maps to predict the same 
for 2015 and of 2005-2015 LULC and forest maps for predicting the same for 2025 (and 2035) in 
MLPNN 
  LULC Forest/Non-forest 
  2015 2025 2015 2025 
No Variable Name 
Cramer's 
V 
Cramer's 
V 
Cramer's 
V 
Cramer's 
V 
1 Proximity to forest disturbance 2005 0.1817  0.2341  
2 Proximity to forest disturbance 2015  0.1679  0.1999 
3 Proximity to primary forest 2005 0.4523  0.3952  
4 Proximity to primary forest 2015  0.4546  0.3748 
5 Elevation 0.3454 0.3345 0.2340 0.2302 
6 Slope gradients 0.0408 0.0417 0.0301 0.0293 
7 Aspect 0.0449 0.0458 0.0641 0.0617 
8 Proximity to streams/rivers 0.3742 0.3766 0.3401 0.3163 
9 Proximity to settlement 0.1915 0.2036 0.2217 0.2078 
10 Proximity to sawmills and furniture shops 0.2960 0.3130 0.2627 0.2629 
11 Proximity to roads 0.2151 0.2214 0.2129 0.2193 
12 Proximity to rail stations 0.3826 0.3881 0.3316 0.3097 
13 Proximity to urban centres/markets 0.3406 0.3386 0.4081 0.3604 
14 Proximity to natural forest access points  0.4078 0.4150 0.4131 0.3935 
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Table 6-4: Skill measures with the accuracy of forest cover transition sub-model showing the relative 
contribution of spatial variables to be included in transition potential modelling. The table indicating, 
when all variables are used, 54.62% model accuracy was achievable for that particular sub-model 
Model Variables  
included 
Accura
cy (%) 
Skill 
measure 
With all variables All variables 54.62 0.5050 
Step 1: var. [12] constant [1,2,3,4,5,6,7,8,9,10,11] 54.16 0.5109 
Step 2: var. [12,1] constant [2,3,4,5,6,7,8,9,10,11] 53.98 0.4979 
Step 3: var. [12,1,10] constant [2,3,4,5,6,7,8,9,11] 53.66 0.4944 
Step 4: var. [12,1,10,3] constant [2,4,5,6,7,8,9,11] 49.52 0.4493 
Step 5: var. [12,1,10,3,11] constant [2,4,5,6,7,8,9] 44.09 0.3900 
Step 6: var. [12,1,10,3,11,7] constant [2,4,5,6,8,9] 43.76 0.3865 
Step 7: var. [12,1,10,3,11,7,2] constant [4,5,6,8,9] 42.37 0.3713 
Step 8: var. [12,1,10,3,11,7,2,9] constant [4,5,6,8] 39.46 0.3396 
Step 9: var. [12,1,10,3,11,7,2,9,5] constant [4,6,8] 34.73 0.2880 
Step 10: var. [12,1,10,3,11,7,2,9,5,6] constant [4,8] 34.41 0.2845 
Step 11: var. [12,1,10,3,11,7,2,9,5,6,4] constant [8] 28.28 0.2176 
 
 
Figure 6-8: Graphical representation of the skill measures of the spatial variables (shown in Table 6-
4 for a LULC transition potential sub-model 
 Model validation 
The comparison of agreement and disagreement between the simulated LULC and forest cover maps 
of 2015 and the reference LULC and forest cover maps of 2015 (obtained from Landsat image 
classification) were done independently using kappa variations (KIA). Overall kappa (Kstandard) for 
LULC maps was 0.65. The Kstandard for forest cover map was 0.91 ( Table 6-5). Substantial 
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agreement (kappa 0.6-0.8) between the reference and the predicted LULC were obtained. For the 
forest cover, the agreement between the reference and the predicted forest cover was very strong 
(kappa > 0.8). Category-wise vis-a-vis area comparison of the reference and the predicted LULC and 
the forest cover maps of 2015 were presented in Figure 6-9 and Figure 6-10, respectively. The 
Reference and the predicted LULC (Figure 6-11) and the forest cover (Figure 6-12) maps were also 
presented. Category-wise comparison showed that most uncertainties were associated with MNFD 
and the NVL categories for the LULC map. Most correctly predicted categories were RP and SFS 
(Figure 6-9). However, in the case of the forest cover map, variations in the reference vs predicted 
forest and the non-forest categories were similar (Figure 6-10). 
Table 6-5: Values of kappa variations for reference vs. predicted LULC and forest maps of 2015 
Kappa variations 
LULC map  
2015 
Forest map  
2015 
Kno 0.82 0.94 
Klocation 0.69 0.92 
KlocationStrata 0.69 0.92 
Kstandard 0.65 0.91 
  
 
 
 
 
Figure 6-9: Category-wise area comparison (in ha) of the 2015 reference vs. predicted LULC maps. 
Acronyms of LULC classes: MND=Modified Natural Forest Dense, MNFMD=Modified Natural 
Forest Medium-dense, DP=Dense Plantation, MDP=Medium-dense Plantation, RP=Rubber 
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Plantation, SFS=Scattered Forest and Shrubs, GF=Grassland and Fallows, NVL=Non-vegetated 
Land-use  
 
Figure 6-10: Category-wise (forest and non-forest) comparison of the 2015 reference vs. predicted 
forest cover maps 
 
Figure 6-11: Reference versus predicted LULC maps of 2015. Acronyms of the LULC classes: 
DP=Dense Plantation, GF=Grassland and Fallows, MDP=Medium-dense Plantation, 
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MND=Modified Natural Forest Dense, MNFMD=Modified Natural Forest Medium-dense, 
NVL=Non-vegetated Land-use, RP=Rubber Plantation, SFS=Scattered Forest and Shrubs  
 
 
Figure 6-12: Reference versus predicted forest maps of 2015. Acronyms of the LULC classes: 
DP=Dense Plantation, GF=Grassland and Fallows, MDP=Medium-dense Plantation, 
MND=Modified Natural Forest Dense, MNFMD=Modified Natural Forest Medium-dense, 
NVL=Non-vegetated Land-use, RP=Rubber Plantation, SFS=Scattered Forest and Shrubs 
The LULC and the forest cover were simulated for 2025 and 2035, maintaining an equal interval of 
time of the past image classification, that is 10-years. The model output was the soft (continuous) and 
the hard (categorized) maps of Raghunandan. The soft maps indicated the LULC and the forest 
conversion risks, indicating the most probable areas of change by 2025 and 2035. The hard maps 
were the LULC and the forest conversion prediction maps showing the location and the quantity of 
LULC and forest change by 2025 and 2035 (Figure 6-6, Figure 6-7).  
By 2025 and 2035, the forest cover was predicted to increase, and the non-forest cover decreases. 
The forest cover is likely to be 2401 ha equalling 39% of the total area of Raghunandan in 2025, and 
2528 ha equalling 41% of the total area in 2035 (Table 6-8). Thus, during the 2015-2025 period, the 
net increase of forest cover would be 187 ha, increasing at a rate of 0.81 %/yr or 19 ha/yr, and during 
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2015-2035, it would be 314 ha, increasing at a rate of 0.66 %/yr or 16 ha /year (Table 6-9). On the 
contrary, the non-forest area would decrease to 3742 ha (61% of total area) by 2025 and 3615 ha 
(59%) by 2035, leaving off the area to the forest cover in both the cases. The rate and the trend of 
decrease of the non-forest would be equal to the rate of the forest cover increase during 1995-2035 
(Figure 6-5). 
The forest transition probability matrix (Table 6-12) showed that the probability (0.18) of the non-
forest conversion to the forest is higher than the probability (0.15) of the forest conversion to the non-
forest by 2025, indicating the forest cover would probably increase by that time. The same is true for 
the 2035 forest cover (Table 6-12). The persistent areas (areas which are not likely to change 
category) of the forest and the non-forest by 2025 and 2035 with respect to 2015 base map along with 
the forest areas likely to convert to non-forest, and the non-forest areas likely to be under the forest 
cover were shown in Figure 6-15. The forest areas likely to be deforested were highlighted in red. 
Noticeably, southernmost areas of the reserve located near to the natural forests (circle A), and the 
aged-plantation areas located at the lower-middle part (circle B) are more vulnerable to deforestation 
by 2025 and 2035.  
Considering the LULC categories of Raghunandan as a whole, MNFD category will increase to 234 
ha (3.83%) by 2025 in comparison to 189 ha (3.01%) in 2015, and 270 ha (4.43%) by 2035 (Table 
6-6). On the contrary, MNFD will decrease. The increase or decrease between MNFD and MNFMD 
would be mutual, meaning an increase of one category would cause another category to decrease as 
they are contiguously located. Some part of MNFMD might decrease to the non-forest category. DP 
is likely to decrease or degrade by 2025 and 2035, causing MDP to increase (Table 6-6, Table 6-7). 
RP would increase by 62 ha by 2025 and 120 ha by 2035. On the other hand, of the three non-forest 
categories, SFS showed an increase slightly by 28 ha in 2025 and 13 ha by 2035 (Table 6-7). Both 
GF and NVL would decrease greatly, giving off the space for possible new plantations to expand to. 
It is also noticeable from the LULC conversion probability map (Figure 6-13) and the conversion 
probability matrix (Table 6-10 and Table 6-11). The western side of the reserve, where mainly GF is 
located has the highest probability and scope of conversion to plantations. The most stable category 
with less risk of conversion is RP, as shown in the northern end of the reserve (Figure 6-13). The 
probability of RP remaining RP is 0.95 by 2025 (Table 6-10) and 0.90 by 2035 (Table 6-11).  
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Table 6-6: The observed and the predicted changes (ha) of the LULC categories 
 Observed LULC Predicted LULC 
Class 
name 
Total 
1995 % 
Total 
2005 % 
Total 
2015 % 
Total 
2025 % 
Total 
2035 % 
MNFD 186 3.05 107 1.76 189 3.10 234 3.83 270 4.43 
MNFMD 87 1.42 111 1.82 63 1.03 57 0.94 60 0.98 
DP 414 6.78 462 7.57 339 5.56 322 5.28 325 5.32 
MDP 748 12.27 618 10.13 924 15.16 1046 17.16 1109 18.19 
RP 635 10.42 622 10.20 684 11.22 747 12.25 804 13.19 
SFS 912 14.96 1592 26.11 1763 28.90 1791 29.37 1776 29.13 
GF 3050 50.01 2389 39.17 2008 32.93 1803 29.57 1669 27.37 
NVL 66 1.09 197 3.24 128 2.09 98 1.61 85 1.40 
LULC categories: Modified natural forest dense (MNFD), modified natural forest medium-dense 
(MNFMD), dense plantation (DP), medium-dense plantation (MDP), rubber plantation (RP), 
scattered forest and shrubs (SFS), grassland and fallows (GF), non-vegetated land-use (NVL) 
Table 6-7: Net change in the area (ha) of the LULC categories during the observed and the predicted 
periods 
LULC 
categories 
Net change 
1995-2005 
Net change 
2005-2015 
Net change 
2015-2025 
Net change 
2015-2035 
MNFD -79 82 45 81 
MNFMD 24 -48 -6 -3 
DP 48 -123 -17 -14 
MDP -130 307 122 184 
RP -13 62 62 120 
SFS 680 170 28 13 
GF -661 -381 -205 -339 
NVL 131 -70 -30 -42 
 
Table 6-8: The observed and the predicted changes (ha) of the forest cover 
 Observed forest cover  Predicted forest cover 
Class 
name 
Total 
1995 % 
Total 
2005 % 
Total 
2015 % 
Total 
2025 % 
Total 
2035 % 
Forest 2078 34 1931 31 2214 36 2401 39 2528 41 
Non-forest 4065 66 4213 69 3929 64 3742 61 3615 59 
Total (ha) 6143 100 6143 100 6143 100 6143 100 6143 100 
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Table 6-9: Change statistics of the forest cover during the observed and the predicted periods 
 
1995-
2005 
2005-
2015 
2015-
2025 
2015-
2035 
Net forest loss or gain (ha) -147 283 187 314 
Average rate of forest loss or gain (ha/yr) -15 28 19 16 
Rate of forest loss or gain (%/yr) -0.74 1.37 0.81 0.66 
 
 
Figure 6-13: LULC conversion probability (risk) map for 2025 and 2035. Probabilities (0-1) of LULC 
conversion in this map was given on a per-pixel basis. Red areas have the highest probability (1.00) 
of conversion or are most unstable by those years, whereas the deep-blue areas have the lowest 
probability (0.00) of conversion or are most stable. Conversion probabilities of all other areas belong 
to in-between these two end values  
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Figure 6-14: Forest conversion probability (risk) maps for 2025 and 2035. The probabilities (0-1) of 
the forest conversion in this map was given for each 30mx30m pixel. The forests in the red areas have 
the highest probability (1.00) of conversion or are most unstable, whereas the deep-blue areas have 
the lowest probability (0.00) of conversion or are most stable. The conversion probabilities of all 
other areas belong to in-between these two end values  
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Figure 6-15: Predicted forest cover with the areas vulnerable to change by 2025 and 2035. Hotspot areas of probable forest conversion are circled.
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Table 6-10: The transition probability matrix of LULC by 2025 indicating the probability of change 
based on the LULC maps of 2005 and 2015 
  LULC 2025 
  MNFD MNFMD DP MDP RP SFS GF NVL 
L
U
L
C
 2
0
1
5
 
MNFD 0.91 0.09 0.00 0.00 0.00 0.00 0.00 0.00 
MNFMD 0.65 0.31 0.00 0.00 0.00 0.03 0.00 0.00 
DP 0.00 0.00 0.38 0.38 0.00 0.21 0.03 0.00 
MDP 0.00 0.00 0.11 0.57 0.00 0.25 0.07 0.00 
RP 0.00 0.00 0.00 0.00 0.95 0.05 0.00 0.00 
SFS 0.01 0.01 0.03 0.14 0.05 0.51 0.23 0.01 
GF 0.00 0.00 0.02 0.07 0.00 0.26 0.63 0.02 
NVL 0.00 0.00 0.01 0.03 0.06 0.19 0.35 0.36 
 
Table 6-11: The transition probability matrix of LULC by 2035 indicating the probability of change 
based on the forest cover maps of 2005 and 2015 
  LULC 2035 
  MNFD MNFMD DP MDP RP SFS GF NVL 
L
U
L
C
 2
0
1
5
 
MNFD 0.88 0.11 0.00 0.00 0.00 0.01 0.00 0.00 
MNFMD 0.80 0.16 0.00 0.01 0.00 0.03 0.01 0.00 
DP 0.00 0.00 0.19 0.39 0.01 0.29 0.11 0.00 
MDP 0.00 0.00 0.11 0.40 0.01 0.31 0.15 0.00 
RP 0.00 0.00 0.00 0.01 0.90 0.08 0.01 0.00 
SFS 0.02 0.01 0.05 0.18 0.07 0.37 0.28 0.01 
GF 0.00 0.00 0.04 0.13 0.02 0.32 0.47 0.02 
NVL 0.00 0.00 0.02 0.08 0.08 0.27 0.40 0.14 
Table 6-12: The transition probability matrix of the forest by 2025 and 2035 indicating the probability 
of (forest) change  
   2025   2035 
   Forest Non-forest 
 
Forest Non-forest 
2
0
1
5
 
Forest 0.82 0.18 Forest 0.70 0.30 
Non-forest 0.15 0.85 Non-forest 0.25 0.75 
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 Discussion 
The standard kappa (Kstandard) resulted from the comparison of 2015 actual and predicted forest 
cover maps with twelve driver variables was very high (0.91), which indicated that accuracies of the 
predicted forest cover for 2025 and 2035, which were based on 2005 and 2015 forest cover maps with 
the same setting and spatial variables, were high too. In other words, we can have 91% confidence in 
the predicted forest cover map for 2025 and 2035 (Rajan 2006). However, standard kappa (0.65) 
resulted from the comparison of the actual and predicted LULC maps of 2015 was substantial, 
indicating that the agreement and disagreement between the actual (hypothetical) and the predicted 
LULC maps for 2025 and 2035 were substantial too. We can have 65% confidence in the predicted 
LULC maps for 2025 and 2035. Strong agreement was not achieved for LULC predictions due 
possibly to the following reasons; breakdown of the land-use of Raghunandan to eight LULC 
categories for a relatively small area using medium-resolution (30m) Landsat data, abrupt opposite 
trend of change of some LULC categories between test model building phase (1995-2005) and 
validation phase (2005-2015), and inappropriacy of the spatial driver variables used in the model. 
The accuracy of the model prediction largely depends on the accuracy of the image classification for 
base maps. Standard minimum overall accuracy for a map is 85% (Anderson et al. 1976). The 
obtained overall accuracies of the LULC and forest cover base maps of 1995, 2005 and 2015 were 
above that standard. Hence, propagation of error to the predicted LULC and forest cover of 2015 
(used for validation), 2025 and 2035 due to the base-map image misclassification was minimal. 
Therefore, one possible reason for obtaining relatively lower kappa for LULC prediction could be 
attributed to the lesser performance of MLPNN in detecting the pattern of LULC transition for the 
future (2015) based on the maps with many (eight) smaller categories, which was not the case for 
forest cover map with only two categories. Secondly, many of the LULC categories showed a 
diametrically opposite trend of change between two periods of model building (1995-2005) and 
validation (2005-2015). For example, MNFD decreased by 79 ha during 1995-2005 while it increased 
by 82 ha during 2005-2015 due to enrichment. Forest cover as a whole also showed a decrease during 
1995-2005 and an increase during 2005-2015 (Figure 6-5). Land-use modelling algorithms like 
MLPNN in LCM analyses the past pattern of change in LULC between two-date maps and predicts 
the future LULC largely based on the past observed pattern, assuming similar pattern will continue 
in the future as well. However, due to raising plantations before and after 2000 at Raghunandan, many 
of which grew to maturity due to the fast-growing nature of the species (e.g. Acacia, Eucalyptus), an 
opposite trend was observed in the LULC during 2005-2015. The predicted LULC map of 2015, 
which was used for model validation, was based on 1995-2005 LULC maps, while the reference map 
was of the 2005-2015 period, experiencing a different pattern of change due to forest management 
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activities like plantation raising. Due to that, the validation process of 2015 LULC resulted in 
relatively lower kappa value. Thirdly, the driver variables used were static physical variables. The 
factors driving the LULC and the forest change are varied and diverse. Especially the socio-economic 
factors like the population density, level of income, energy use pattern etc., which are thought to be 
the main the drivers of forest change, were not incorporated in the model (detailed further below). 
Nevertheless, we are confident that the predictions made for 2025 and 2035 LULC would be much 
more accurate (above 75%) than the prediction of 2015 LULC (used for validation), as the LULC 
transition after 2005 followed a similar pattern, which is also evident from the maps.    
Selection of the appropriate contributing factors (whether most influential or least influential) driving 
the process of LULC change is important. Of the twelve driver variables, some were very influential 
factors in the transition of both LULC and forest with a higher value of Cramer’s V. For example, 
proximity to the natural forest, streams, urban centres and rail stations. Proximity to the access points 
of the natural forest was found very important during the field visit as well. Fuelwood collection and 
illegal logging were two prime forest degradation activities at Raghunandan. Especially, fuelwood 
collectors entered the Satchari forests (natural or plantation) through mainly the access points located 
just beside the pitch-road near the forest office. Through these access points, they spread over 
different directions to the natural or plantation forests situated on both sides of the road, and come 
back again to these points with fuelwood load to take a local transport. Similarly, rational evidence 
is there that forest negative change occurs near the urban centres. As the hillocks of Raghunandan 
were not high, the slope gradient and the aspect were found very less important (very less Cramer’s 
V), therefore discarded. However, MLPNN is sometimes characterized as a black box with limited 
or no option of human expert interference in the self-interactive process of machine learning. As a 
result, the weighting process of the driver variables based on its contribution to the land-use transition 
cannot be well-understood always logically, and not in line with the local knowledge and common 
sense. For example, as experienced from the field campaign, proximity to sawmills and furniture 
shops should bear more weight than proximity to streams and rivers. It is because tree poachers use 
these sawmills to quickly convert the log to timber for further convenience, while the streams/rivers 
in most cases are seasonal and unusable for water-transporting the logs. But MLPNN gave more 
weight to the streams/rivers than proximity to sawmills. Similar, proximity to the roads should get 
more weight than the proximity to the rail stations. However, MLPNN gave more importance to the 
rail stations than the roads.  
Driving variables of LULC and forest conversions may be many and different from region to region. 
Variables used in this study constituted a considerable portion amongst many possible driving factors 
influencing the pattern and rate of LULC and forest conversion at Raghunandan Hill Reserve. The 
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twelve driver variables used in this study were also found important in predicting future LULC and 
forest change in many similar studies in various countries under various socio-economic and 
environmental circumstances. These variables are biophysical in nature. Apart from the biophysical 
accessibility constraint variables, socioeconomic variables, e.g. population density, traditional fuel 
use pattern, extraction pattern of forest products, level of economic indicators, and pattern of existing 
land-use were very often perceived as the underlying drivers of land-use and forest change (Bawa & 
Dayanandan 1997; Geist & Lambin 2002). These variables may be many and diverse with regional 
variations and complex interactions (FAO 1996). For example, population density had the highest 
effect on deforestation rate in Africa, while it was cattle density in Latin America and cropland area 
in all tropical countries and in Asia (Bawa & Dayanandan 1997). The population density was reported 
as a key factor of negative forest change in the developing countries over many past years (Allen & 
Barnes 1985; Lopez-Carr, Suter & Barbieri 2005). Bangladesh is one of the world’s most densely 
populated country (8th according to the World Bank 2013). As observed from the field survey, apart 
from the physical accessibility variables, socio-economic variables were very important factors 
driving forest change at Raghunandan. Fuelwood collection, selective logging and overexploitation 
were found crucial factors causing deforestation (converting forest to non-forest category) and forest 
degradation (converting one forest category to a lower forest category in terms of both stock quality 
and quantity) along with few other factors including local socio-political reality, bushfire, cattle 
grazing and agriculture expansion among others. These variables were the local actors of the broader 
picture forest and LULC change in Bangladesh. Ahmed (2008) identified thirteen major causes of 
negative forest change in Bangladesh. As reviewed by Iftekhar and Hoque (2005) some of the major 
causes of that were illegal logging and fuelwood collection, grazing, encroachment, forest fire, over-
exploitation, uncontrolled and wasteful commercial logging, unplanned development activities and 
inappropriate forest policy among others which were identified in a large number of independent 
studies. Although many of these variables had significant contribution in driving LULC and forest 
change at Raghunandan, they, however, were not included in LCM as it was difficult to measure and 
incorporate such variables in the model. Many of the potential driver variables and factors of LULC 
change are not quantifiable (Lambin 1994). For example, changes in forest policy or local political 
regime are LULC driver variables which are not possible to measure and add to the model. It was 
realized that in the model, forest change should have been put as a function of especially population 
density, level of income and alternative livelihood at Raghunandan area with the opportunities of 
incorporating and editing them as per the local expert knowledge. Regrettably, none of the available 
modelling programs offers integration of such possibility (Mas et al. 2007). Use of socioeconomic 
variables in LULC transition prediction was not very common as well. Therefore, scenarios of future 
LULC and forest cover transitions that were predicted at Raghunandan would not be identical to the 
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actual LULC and forest cover, and would not represent the holistic scenarios of the future. However, 
some authors reported that the proximity variables were usually highly significant in comparison to 
the socioeconomic factor like population density, for which available data were of much coarser 
resolution (Agarwal et al. 2005). Literature showed, most of the LULC transition modelling studies 
including forest change, urban expansion and habitat modelling done across countries widely used 
many or several of the spatial proximity variables, along with the two-date land-use maps as a 
standard practice (Di Lallo et al. 2017; Munsi, Areendran & Joshi 2012; Ozturk 2015; Thapa & 
Murayama 2011). Identification of high-risk areas using similar approach and variables were also 
recommended in the relevant REDD+ documents, e.g. GFOI (2014). 
Brown (2003) reported that a land-use model should be easy to operate, accurate and precise in 
calibration and validation, and have the ability to handle multiple land-use at multiple scales, and 
after all cost-effective in terms of skill, data and time required to operate the model. LCM was found 
a reliable land-use modelling tool incorporated with these characteristics. Some operational 
advantages of modelling in LCM included user-friendliness of the operations, user-friendly program 
interface of the modeller and well-documentation of the operational procedures (Mas et al. 2014). All 
the activities in LCM can be performed under the same operational window and environment. 
Working procedures are well-documented in the form of reference articles, user-manuals, and video-
demonstrations. Processes can be repeated with the refinement of the model parameters when 
necessary, without any pre-model working with the input data again and again. Model default input 
and output are contained in the same working folder making anytime data calling and output checking 
operations comfortable and user-friendly. Model calibration and validation processes are easily 
understandable and executable with logically and clearly defined steps to follow. Both categorical or 
continuous spatial variables can be used in LCM. Categorical variables, of course, need conversion 
to spatial evidence likelihood layers for using MLPNN training. Along with the Cramer’s V, skill 
measures, which give more explicit information on the model accuracy and skill (Clark Labs 2017) 
in the form of figures and graphs, are very useful to understand and evaluate the relative contribution 
or potential of the driver variables in land-use transitions. Thus, deciding which variables to be 
discarded and which variables to be included in the final model becomes easier and accurate. A unique 
feature of LCM is that it allows the inclusion of constraints map (of, e.g. strictly protected area) which 
restricts the area where LULC/forest change will not take place. Apart from these advantages, the big 
disadvantage faced during working with LCM was lack of proper help documentation when any 
problem was encountered. Solutions and forum discussions in the Clark Lab’s online support centre 
(https://is.gd/tc2MMy) were not found sufficient to deal with immediate problems encountered 
during LCM operations, especially data preparations, in the comparison to other popular user forums 
like that of ESRI’s (due probably to less number of users). Users’ cannot modify the relationship 
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between the land-use/forest change and the spatial driver variables in LCM, making it unsuitable for 
multi-scenario prospective modelling (Kim 2010).  MLPNN is often considered as a black box 
making incorporation of user’s expert knowledge difficult (Vieilledent, Grinand & Vaudry 2013). 
Furthermore, the format of the input data in LCM is strictly defined and not flexible otherwise. Input 
data not complying with the required format (i.e. identical coordinate system, spatial resolution, 
spatial extent, map categories, background area and values) are not accepted at all by LCM; thus 
further operations cannot be taken forward by any means. As a result, preparation of the input spatial 
variables with the specific format comprises the major workload in the modelling process in LCM. 
Apart from TerrSet/IDRISI GIS modules, input data, however, can be prepared using several free or 
commercial software packages including ArcGIS, QGIS and ERDAS Imagine. Some of the 
disadvantages of LCM are also present in other available land-use models (Mas et al. 2014). Taking 
into account all, LCM was found a useful modelling tool for future LULC and forest change 
prediction.  
Forest cover, as a whole, was predicted to increase by 2025 and 2035. Nearly 30-35% of the total 
area of the reserve is under tree cover by 2015, which is predicted to be nearly 39% to 41% by 2025 
and 2035 respectively. Thus, the majority portion is predicted to remain tree-less in future as well, 
with the continuation of the current settings of the driver variables. Possible ways through which tree 
cover would increase are, a natural expansion of the forest, enrichment of the natural forest and 
scattered forest through plantations and raising new plantations in the non-forest areas like the 
grassland and fallow lands (GF) that would give maximum space for new plantations. Forest is an 
ecosystem of biotic and abiotic components including plants and animals which are in complete 
interactions with each other. Plantations, though sometimes misunderstood as equivalent to a forest, 
can never substitute a forest. Man cannot create a forest. However, with the existing socio-economic 
and biophysical setting at Raghunandan region, there are ample opportunities of forest managerial 
and silvicultural interventions to raise plantations in the grassland, shrubland and fallow areas to bring 
the reserve under 100% tree cover, and bring down the effect of the major drivers, whether physical 
or socio-economic, to a minimum. The areas where future forest loss or gain can occur were identified 
with an associated probability of conversion. Probable forest and non-forest persistent areas were also 
identified. Image analysis and LULC predictions were made at an interval of ten years. Brown et al. 
(2007) suggested the furthest time a LULC should be projected to be ten years because the study can 
then provide users with a better understanding of the qualitative and quantitative pattern and rate of 
LULC transitions likely to happen in future. In that case, field-level users/management can undertake 
a well-planned initiative to combat negative forest change. State-owned Forest Department often 
operates on a limited resource, manpower and logistics. With the above information in hand, 
especially the prediction estimates for 2025, better forest managerial decisions including 
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strengthening the protection in the vulnerable areas at Raghunandan is possible to be undertaken. One 
of the workloads of REDD+ project preparation is the identification of the areas where 
deforestation/degradation can take place in future. The output of the present study can serve as first-
hand information for any such undertakings at local or national levels. 
 Conclusion 
The study simulated the scenario of LULC by 2025 and 2035 with particular emphasis on forest cover 
at Raghunandan Hill Reserve forest in Bangladesh and identified the areas vulnerable to negative 
forest change using LCM land change modelling software and Landsat images. LULC and forest 
cover maps with the ten-years interval from 1995 till 2015 were used for analysing the transition 
potential for 2025 and 2035 predictions using twelve proximate variable layers called driver variables. 
The model identified selected driver variables, including proximity to access points to natural forest, 
proximity to urban centres/markets and proximity to the primary forest as being more important than 
others while relating to forest transitions. The accuracy of the prediction for forest cover change was 
very high while for overall LULC it was substantially acceptable. Forest cover declined during 1995-
2005. After 2005, it showed a trend of slight increase till 2035. Forest cover at Raghunandan in the 
latest classified image (2015) was 2214 ha which was predicted to increase to 2401 ha in 2025 and 
2528 ha in 2035. Apart from the quality of the driver variables in relation to the transition potential, 
the accuracies of the predictions are largely dependent on the accuracies of the base maps. Used 
LULC and forest base maps which were derived from Landsat image classification were highly 
accurate (overall accuracy > 90%). Moreover, validation of the forest cover prediction resulted in 
very high kappa index (.91). Therefore, predictions, especially forest cover predictions are expected 
to be very close to reality and reasonably acceptable. This study provided explicit information on the 
current trend of LULC and forest transitions analysing the past and predicted the future scenario 
promoting a better understanding of the land-use and forest dynamics at Raghunandan. Findings can 
have significant management implications, including prioritising areas vulnerable to forest change 
for enhanced conservation intervention and identification of areas where reforestation activities 
should be intensified to ensure the predicted forest expansion. A component of any REDD+ project 
for a forest includes identification of areas at risk of future deforestation (Walker et al. 2013). As a 
pioneer study in Bangladesh, the output of this study can be helpful as first-hand information for any 
such undertaking in future.  
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This chapter describes the findings and outcomes of 
this research in relation to the objectives and research 
questions outlined in the first chapter. It also 
summarises the limitations of this research and 
suggests recommendations for future research to 
prepare activity data and emission factors for a 
possible REDD+ project at Raghunandan forest in 
Bangladesh. 
 
 
 
 
 
 
 
No scientific article is associated with this chapter 
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 Summary 
Bangladesh is one of the most vulnerable countries that may suffer the impacts of climate change. 
One of the best mitigation strategies for climate change is reducing emissions of CO2 and other 
Greenhouse gases to the atmosphere. Forests, in this regard, play a very significant role by 
sequestering carbon in the vegetation tissues. However, when forests are deforested and degraded due 
to human activities, carbon stored in the plant tissues is released to the atmosphere, thus contributing 
to the total atmospheric emission. As like many other countries of the world, forest destruction and 
degradation due to anthropogenic activities are going unabated in Bangladesh. As a part of worldwide 
responsibility to mitigate climate change and its impacts, the United Nations’ initiative to conserve 
the existing forest carbon sinks of the world from further destruction and degradation by negotiating 
the mechanism under a framework called REDD+, has widened opportunities for the developing 
countries to achieve monetary benefits while conserving their forests from destruction. By doing so, 
developing countries can contribute locally to reduce global atmospheric emission of carbon. Along 
with forest conservation, REDD+ can be an excellent opportunity to uplift the socio-economic 
condition of forest-dependent communities. The primary work of implementing any REDD+ project 
includes an enumeration of the extent of deforestation and degradation (activity data) and the 
corresponding emission factors to finally establish the reference emission level (REL) of carbon. 
Moreover, estimating activity data, emission factors and emissions following international 
negotiations (i.e. IPCC guidelines) under Land Use, Land-Use Change and Forestry (LULUCF) is 
crucial for REDD+. Beyond REDD+, enumeration of the potential of Bangladesh forests for emission 
reductions is important.  However, the work is still a challenge due to limited work done on using the 
commonly available medium spatial resolution Landsat images to detect activity data and emission 
factors at local scales. Although a number of studies estimated activity data and emission factors in 
several countries, such studies are rare in Bangladesh forest conditions. In this research, a 
comprehensive and workable approach to spatially tracking the extents of deforestation and 
degradation (activity data), measure the emission factors to enumerate the level of emissions, and 
predict the future change of forests using publicly available medium-resolution satellite data and 
geospatial techniques has been demonstrated in sufficient details. Overall, the estimates of activity 
data, emission factors, emissions and future scenarios of forest change were found to be highly 
accurate and acceptable.  
 Synopsis of the findings with regards to research questions 
A synopsis of the key findings with regards to the original research questions (and corresponding 
objectives) are: 
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RQ 1: Where are the locations and what are the patterns and rates of historic deforestation and forest 
degradation during 1995-2015 at Raghunandan Hill Reserve in Bangladesh? 
In REDD+ terminology, the location, pattern and rate of forest change, specifically deforestation and 
degradation (DFD) is termed as activity data. Accurate estimation of activity data is a primary 
research concern for a REDD+ project. In this research, an approach has been developed to quantify 
the spatiotemporal pattern and rate of DFD (i.e. activity data) at Raghunandan Hill Reserve in 
Bangladesh during 1995 to 2015 using medium-resolution Landsat and ground reference data. The 
estimates of activity data were highly accurate (overall accuracies for all three years > 90%) as 
validated by independent field reference points. The procedures and outcomes of the activity data 
preparation have been described in detail in Chapter 4. Freely available medium resolution Landsat 
TM and OLI images were able to accurately detect the transition of the forest to non-forest land-use 
(activity data of deforestation) and one forest stratum to another forest stratum (activity data of 
degradation). The geospatial techniques applied to image classification produced mapped changes 
which were sufficient to provide spatial details, accurate estimate and rate of land-use change. 
Analysis of historic image data indicated the spatial extent and magnitude of changes over time, 
which is a necessary element of REDD+. Notably, the Landsat OLI image with its significantly 
improved radiometric resolution and signal-to-noise performance than the earlier sensors provides a 
wonderful opportunity for developing countries like Bangladesh to accurately quantify the activity 
data of both deforestation and degradation for REDD+ without incurring extra expenditure on image 
procurement.   
RQ 2: How much carbon is emitted to the atmosphere due to deforestation and forest degradation 
activities during 1995-2015 at Raghunandan Hill Reserve in Bangladesh? 
Satellite estimation of emissions of carbon due to DFD has become a focus of scientific research in 
recent times after the introduction of climate mitigation protocol REDD+. This research estimated 
the level of emission of aboveground biomass-carbon (tCO2/year) due to DFD (and also the gain of 
carbon due to forest growth) at Raghunandan forest using medium-resolution Landsat satellite image 
and field-level tree volume measurement as detailed in Chapter 5. In the process, determination of 
the average carbon density of the forest strata by linking the field measurement of carbon with the 
spectral response of satellite image in the regression relationship was the main challenge. Landsat-
based vegetation index SR produced the highest coefficient of regression (adj. r2 0.56) with the field 
biomass-carbon that was statistically significant (p<0.00) and of acceptable accuracy (RMSE 41%, 
bias 7%). Thus, the medium-resolution Landsat data were workably useful in detecting the average 
carbon density of various forest strata, which was then multiplied by the activity data (detailed in 
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Chapter 4) to obtain the estimates of emissions. However, this research suggests that further 
investigation is required to determine if a stronger relationship (higher r2 value) can be obtained 
between the field biomass-carbon and the image spectral response by selecting other appropriate 
methods of tree volume calculation (e.g. by constructing new, accurate allometric equations), using 
differential GPS to keep the locational error minimum, and applying other non-parametric methods 
like k-nearest neighbour to link the field biomass-carbon data with the satellite data. Cross-calibration 
regression techniques were used to estimate the biomass-carbon of historic images (1995 and 2005) 
with more than 80% variations of the dependent variable explained. However, if the historic forest 
inventory data from permanent sample plots exists for some forests (for example, permanent sample 
plots are available for Sundarbans mangrove forest), biomass-carbon can be tracked back for historic 
years directly using the permanent sample plot data and compared with that obtained by cross-
calibration as a crosscheck of the estimates. The overall approach presented in this thesis for emission 
estimation is valid, accurate and easily replicable for other forests which are being considered for a 
possible REDD+ project. Further research can investigate if other high-resolution images with 
improved radiometric capabilities better detect forest transition and biomass-carbon to make a better 
estimate of the emissions. 
RQ 3: What are the scenarios and risks of deforestation and forest degradation by 2025 and 2035 in 
relation to the current drivers/activities at Raghunandan Hill Reserve in Bangladesh? 
Visualizing the future scenarios and risks of DFD is very important for formulating appropriate forest 
conservation strategies and for REDD+. Taking this into consideration, this thesis successfully 
applied a widely used spatial modelling approach in a geospatial environment with respect to 
biophysical and human-activity variables to predict how much forest is likely to be converted 
(deforested, degraded or enhanced) by 2020 and 2025 and assessed the associated risk of conversion 
which is detailed in Chapter 6. Some of the spatial variables were highly influential, greatly affecting 
the transition process of existing land-use, while some others were showing less or no influence in 
the transition. Independent validation indicated that the predictions were fairly accurate and reliable. 
The accuracy of the predicted land-use is largely dependent on the accuracy of the detected past trend 
of land-use, which ultimately shapes the future trend of change. Results of this section indicated that 
medium-resolution Landsat images along with other spatial variables, were highly capable to 
accurately track the past trend of land-use changes, and so was for the future trend. The remote 
sensing and spatial analysis tools and approaches used here were straightforward and very effective 
in preparing the spatial input layers for the land-change modeller and processing the output to 
generate information statistics. Overall, the modeller was effective in predicting the future land-use 
and the associated risks of change of land-use. The approaches presented here are worthy of 
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replicating to other forest areas of Bangladesh to simulate the future change in land-use using similar 
geospatial techniques and spatial variables.  
 Study limitations and future research directions 
The approaches developed in this work require testing in the mixed natural forest: The approaches 
presented here were tested at Raghunandan Hill Reserve forest of Bangladesh where a portion of the 
forest is natural mixed forest while the remaining majority portion is basically mono or mixed 
plantations of varieties of species. Further studies can examine the applicability of the approaches in 
other predominantly mixed natural forests of Bangladesh, for example, in Chittagong and the 
Chittagong Hill Tracts. However, in other plantation forests, for instance, in the Sal forest, the 
approaches are likely to produce similar results.   
Image availability and spatial and temporal suitability: Availability of the cloud and defect free 
Landsat images at appropriate temporal resolution is an important factor of consideration in detecting 
a historical trend of forest and biomass-carbon change. This study required cloud, haze and defect 
free Landsat images at every five years since 1988 (Landsat images of the study site are available 
from), for more subtle change detection. However, for some years (like 1990, 2010), anniversary 
images or images of the coinciding months of fieldwork were not available, for which ten years 
interval of time was adopted. On the other hand, before 2000, high-resolution Google Earth images 
are not available for validation of pre-2000 classified maps. Thus, proper validation of pre-2000 
classified images is a challenge. High-resolution images are generally expected to provide the 
estimates of activity data and biomass-carbon with better accuracy. However, this study used 30m 
resolution freely available Landsat data which are considered to be of the medium resolution. If 
budget and opportunity permit, further studies can use higher-resolution images to investigate if 
accuracies of estimates are significantly different than this study. 
Use of differential GPS (DGPS): The coordinates of the field plots were recorded using a handheld 
GPS machine. However, it is recognized that handheld GPS readings suffer from selective availability 
error, which generally ranges from 5-10 meter, depending on vegetation structure and topographic 
location. Differential GPS, which is an enhancement of the normal GPS with improved locational 
accuracy, minimises this error to even centimetre level. However, this study could not avail DGPS in 
the field campaign. Future studies can make use of DGPS to accurately locate and navigate to the 
sample plots. 
The accuracy of the spatial data: My field experience reveals that few spatial data layers (e.g. forest 
boundary) collected from the forest office were not accurate. Several features/places were showing 
inside the forest boundary in the thematic map while they were actually outside the forest boundary. 
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Hence, the boundary of the forest shown in the maps may not be judged as the lawful demarcation of 
the area of forest from the surrounding tea estates. Thus, the thematic maps provided by the forest 
department need correction if lawful official use is intended by the forest department or 
users/researchers.  
Insufficient information on forest management from the forest department: Some forest management 
information, e.g. the record of the historic felling with the spatial location were not available from 
the divisional or local offices of the forest department. Thus, the only source of that information was 
from the interview of the elderly local villagers and forest officials. However, these sorts of 
information are essential and useful in the analysis and evaluation of the historic trend of activity data 
and emission factors as was felt in this study.  
Tree species identification: Many tree species could not be identified readily in the field for which 
samples of twigs needed carrying for later identification. However, sometimes those twigs were not 
adequate to identify those species which caused an obvious problem in the recording of species and 
calculation of volume as species-specific wood density value has been used in volume calculation. 
They were treated as unknown species. Taking an experienced local guide(s) in the team of field-
crews during the field campaign who is familiar with most of the species of the forest can greatly help 
in properly recording the species in the field, thus, enhancing the efficiency of the fieldwork 
considerably and improving the accuracy of the estimates of forest biomass-carbon.  
 Contribution to knowledge 
The approaches and methods presented in this thesis altogether provide a fundamental framework for 
mapping and monitoring forest and forest-carbon dynamics using remote sensing and geospatial 
techniques. This study effectively integrated satellite and ground data in a geospatial environment to 
accurately quantify the activity data, emission factors and emissions of forest carbon due to 
deforestation and degradation activities for successful implementation of a REDD+ project in a 
tropical mixed forest in Bangladesh. It also predicted the future scenarios and risks of forest and 
landcover changes with respect to local driver variables using a spatial model. This is a pioneer 
REDD+ study in Bangladesh which demonstrates a novel and comprehensive approach of using 
freely-obtainable medium-resolution satellite data to accurately estimate the past and future pattern 
and trend of anthropogenic disturbances in the forest and their impact on the forest carbon dynamics 
in a spatially explicit manner recommended by IPCC. Beyond REDD+ implications, this study has 
substantially enhanced the capacity of using remote sensing and spatial analysis tools for mapping 
and monitoring changes in forest and forest carbon stock, which are crucial for modern forest 
management. The novel approaches of forest and carbon monitoring were tested in a Bangladesh 
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forest condition locally. However, as each of the work-steps of the approaches followed standard and 
recommended methodologies, the overall approach presented in this study has the potential and 
acceptability to be applied for REDD+ studies globally. The key contributions to the existing 
scientific knowledge can be summarised as follows: 
o Development of a fundamental framework for measuring and monitoring anthropogenic changes 
in forest and subsequent changes in carbon stock for a REDD+ project 
o Development of a comprehensive approach for quantifying the activity data (pattern and trend) for 
both deforestation and degradation 
o Development of a comprehensive approach for estimating emission factors and emissions of 
carbon from deforestation and degradation 
o Development of a spatial modelling approach for simulating the future scenarios and risk of 
forest/land-use change with respect to important biophysical variables influencing the process 
o Production of accurate information and maps for historic forest transitions 
o Creation of accurate and latest information and maps for changes in biomass-carbon stock 
o A proof of the capacity and applicability of medium-resolution Landsat data and geospatial 
techniques in detecting observed changes in forest and forest-carbon, and predicting the future 
changes in forest and corresponding risk of changes 
o A practical demonstration of the principles, methodologies, approaches and guidelines for 
undertaking MRV activities of REDD+ 
 Concluding remarks 
Estimation of atmospheric emission of biomass-carbon due to DFD has recently become a major 
focus of scientific research. This thesis provides comprehensive approaches to quantify the activity 
data and emission factors (and emissions of carbon) of DFD and predicts future scenarios and risks 
of DFD at Raghunandan Hill Reserve forest in Bangladesh using geospatial techniques and field 
observations. The applicability of medium-resolution Landsat satellite images for that has been 
particularly emphasized. Landsat images were effective in detecting activity data and emission factors 
for emissions estimation and in predicting the future scenarios and risks of deforestation, degradation 
and forest expansion. The approaches are methodologically sound, independently verifiable and 
scientifically accurate and acceptable. This study will create an opening for academics, researchers 
and professionals of forest and environmental institutions in Bangladesh. Approaches presented in 
this thesis are equally applicable to the other forests of the country including the deciduous Sal forest 
in the middle, vast mangrove forests in the south-west and hill forest in the south-east for REDD+ 
and better forest management.  
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Appendices 
  
Appendix Table 1-1: List of the total 65 tree species found in the field plots at Raghunandan Hill 
Reserve 
Local name Scientific name Family WD (m3/ha) 
Akashmoni Acacia auriculiformis Leguminosae 0.581 
Mangium Acacia mangium Leguminosae 0.532 
Rata Aglaia spectabilis Meliaceae 0.608 
Monkata Aidia densiflora Rubiaceae 0.570 
Malakana Koroi Albizia falcataria Fabaceae 0.311 
Kalo Koroi/Shirish Albizia lebbeck Fabaceae 0.596 
Sada/Shill Koroi Albizia procera Fabaceae 0.686 
Raj Koroi Albizia richardiana Fabaceae 0.570 
Rain Tree Albizia saman  Fabaceae 0.524 
Chatim/Chatian Alstonia scholaris Apocynaceae 0.397 
Kadam Anthocephalus chinensis Rubiaceae 0.345 
Pitraj Aphanamixis polystachya Meliaceae 0.601 
Kakra Aporusa dioica Euphorbiaceae 0.687 
Agar Aquilaria agallocha Thymeliaceae 0.333 
Chapalish/Chamol Artocarpus  chaplasha Moraceae 0.386 
Dewa/Barta Artocarpus lacucha Moraceae 0.640 
Borak Bamboo Bambusa balcooa Poaceae 0.350 
Kanchan/Phutki Bauhinia malabarica Fabaceae 0.650 
Kanjal/Badi/Ziga Bischofia javanica Phyllanthaceae 0.636 
Shimul Bombax ceiba Malvaceae 0.350 
Bormala Callicarpa arborea Verbenaceae 0.500 
Chik/Bon Supari Caryota urens Arecaceae 0.400 
Sonalu Cassia fistula Leguminosae 0.829 
Minjiri Cassia siamea Fabaceae 0.607 
Chickrassi Chickrassia tabularis Meliaceae 0.592 
Banak Crataeva nervosa Capparaceae 0.570 
Sisoo Dalbergia sissoo Fabaceae 0.693 
Hargoza Dillenia pentagyna Dilleniaceae 0.619 
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Garjan Dipterocarpus turbinatus Dipterocarpaceae 0.640 
Oil Palm Elaeis guineensis Arecaceae 0.430 
Jolpai/Belfoi Elaeocarpus floribundus Elaeocarpaceae 0.600 
Mandar Erythrina variegata Fabaceae 0.291 
Eucalyptus Eucalyptus camaldulensis Myrtaceae 0.760 
Sada Dumur Ficus hispida Moraceae 0.401 
Lal Dumur Ficus bengalousis Moraceae 0.510 
Jog Dumur Ficus racemosa Moraceae 0.376 
Gamar Gmelina arborea Lamiaceae 0.439 
Rubber Hevea brasiliensis Euphorbiaceae 0.487 
Kurchi Holarrhena antidysenterica Apocynaceae 0.628 
Telsur Hopea odorata Dipterocarpaceae 0.739 
Ludh Ilex godajam Aquifoliaceae 0.570 
Jarul Lagerstroemia speciosa Lythraceae 0.633 
Menda Litsea glutinosa Lauraceae 0.558 
Kukurchita Litsea monopetala Lauraceae 0.453 
Raktan Lophopetalum wightianum Celastraceae 0.370 
Mango Mangifera indica Anacardiaceae 0.598 
Champa Michelia champaca Magnoliaceae 0.535 
Kaimulla Not found Not found 0.570 
Sal Shorea robusta Dipterocarpaceae 0.777 
Amra Spondias pinnata Anacardiaceae 0.310 
Udal Sterculia villosa Malvaceae 0.255 
Sheora Streblus asper Moraceae 0.624 
Mehagoni Swietenia mahagoni Anacardiaceae 0.660 
Kalo Jam Syzygium cumini Myrtaceae 0.701 
Khudijam Syzygium fruticosum Myrtaceae 0.570 
Dhaki Jam Syzygium grande Myrtaceae 0.570 
Teak Tectona grandis Verbenaceae 0.613 
Arjun Terminalia arjuna Combretaceae 0.805 
Bohera Terminalia bellerica Combretaceae 0.570 
Rongi Toona ciliata Meliaceae 0.422 
Kata Gach Trevesia palmata Araliaceae 0.570 
Pitali Trewia nudiflora Euphorbiaceae 0.441 
Lal Awal Vitex altissima  Lamiaceae 0.905 
Awal Vitex peduncularis Verbenaceae 0.570 
Lohakath Xylia dolabiformis Fabaceae 0.720 
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Appendix Table 2-1: The error matrix of 2015 LULC classification based on ground truth and classification data 
    Reference data (Ground truth)     
    MNFD MNFMD DP MDP RP SFS GF NVL Row Total 
User 
accuracy 
Commission 
error 
Im
ag
e 
cl
as
si
fi
ca
ti
o
n
 d
at
a MNFD 51 1 0 0 0 0 0 0 52 98 2 
MNFMD 2 49 0 0 0 0 0 0 51 96 4 
DP 0 0 50 2 0 1 0 0 53 94 6 
MDP 0 0 1 54 0 2 1 0 58 93 7 
RP 0 0 0 0 54 1 1 0 56 96 4 
SFS 0 0 0 3 0 58 3 0 64 91 9 
GF 0 0 0 0 0 1 63 2 66 95 5 
NVL 0 0 0 0 0 1 3 46 50 92 8 
  Column Total 53 50 51 59 54 64 71 48 450   
  Producer accuracy (%) 96 98 98 92 100 91 89 96    
  Omission error (%) 4 2 2 8 0 9 11 4    
 Overall accuracy (%) 94.44           
 Kappa 0.94           
Expansion of acronyms: MNFD-Modified Natural Forest Dense, MNFMD-Modified Natural Forest Medium-Dense, DP-Dense Plantation, MDP-
Medium-Dense Plantation, RP-Rubber Plantation, SFS-Scattered Forest and Shrubs, GF-Grassland and Fallows, NVL-Non-vegetated Land-use 
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Appendix Table 3-1: The error matrix of 2005 LULC classification based on ground truth and classification data 
    Reference data (Ground truth)     
    MNFD MNFMD DP MDP RP SFS GF NVL Row Total 
User 
accuracy 
Commission 
error 
Im
ag
e 
cl
as
si
fi
ca
ti
o
n
 d
at
a MNFD 48 2 1 0 0 0 0 0 51 94 6 
MNFMD 2 48 0 0 0 1 0 0 51 94 6 
DP 0 0 50 3 0 1 0 0 54 93 7 
MDP 0 0 3 49 0 3 0 0 55 89 11 
RP 0 0 0 1 52 1 0 0 54 96 4 
SFS 0 0 0 1  58 3 1 63 92 8 
GF 0 0 0 0 0 2 66 2 70 94 6 
NVL 0 0 0 0 0 1 4 47 52 90 10 
  Column Total 50 50 54 54 52 67 73 50 450   
  Producer accuracy (%) 96 96 93 91 100 87 90 94    
  Omission error (%) 4 4 7 9 0 13 10 6    
 Overall accuracy: 92.89           
 Kappa 0.92           
Expansion of acronyms: MNFD-Modified Natural Forest Dense, MNFMD-Modified Natural Forest Medium-Dense, DP-Dense Plantation, MDP-
Medium-Dense Plantation, RP-Rubber Plantation, SFS-Scattered Forest and Shrubs, GF-Grassland and Fallows, NVL-Non-vegetated Land-use 
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Appendix Table 4-1: The error matrix of 1995 LULC classification based on ground truth and classification data 
    Reference data (Ground truth)         
    MNFD MNFMD DP MDP RP SFS GF NVL Row Total 
User 
accuracy 
Commission 
error 
Im
ag
e 
cl
as
si
fi
ca
ti
o
n
 d
at
a MNFD 48 4 0 0 0 0 0 0 52 92 8 
MNFMD 2 47 0 0 0 2 0 0 51 92 8 
DP 0 0 48 5 0 0 0 0 53 91 9 
MDP 0 0 1 52 0 2 0 1 56 93 7 
RP 0 0 0 0 52 2 1 0 55 95 5 
SFS 0 0 0 2 1 52 2 1 58 90 10 
GF 0 0 0 0 0 4 69 2 75 92 8 
NVL 0 0 0 0 0 1 3 46 50 92 8 
  Column Total 50 51 49 59 53 63 75 50 450   
  Producer accuracy 96 92 98 88 98 83 92 92    
  Omission error 4 8 2 12 2 17 8 8    
 Overall accuracy: 92.00           
 Kappa 0.91           
Expansion of acronyms: MNFD-Modified Natural Forest Dense, MNFMD-Modified Natural Forest Medium-Dense, DP-Dense Plantation, MDP-
Medium-Dense Plantation, RP-Rubber Plantation, SFS-Scattered Forest and Shrubs, GF-Grassland and Fallows, NVL-Non-vegetated Land-use 
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Appendix 5 
Appendix Table 5-1: Descriptive statistics of the field plot tree variables including diameter at breast height-dbh (cm), height (m) and AGB (ton/stem) 
Plot 
No 
No of 
trees (N) 
Dbh 
avg (cm) 
Dbh 
min 
Dbh 
max 
Dbh 
St.dv. 
Ht. 
avg (m) 
Ht. 
min 
Ht. 
max 
Ht. 
St. dv. 
AGB 
(t/stem) 
AGB 
min 
AGB 
max 
AGB 
St.dv. 
1 25 48.38 40.39 56.39 3.53 11.82 9.00 16.00 1.71 0.65 0.38 1.16 0.15 
2 12 57.87 44.96 63.50 5.64 11.73 10.25 13.00 0.97 0.90 0.61 1.06 0.14 
3 12 30.46 22.86 52.83 8.18 13.85 8.50 20.00 3.13 0.45 0.17 1.41 0.35 
4 18 30.87 23.11 50.04 8.60 12.94 7.00 24.00 4.78 0.50 0.13 2.09 0.47 
5 16 25.25 12.70 34.29 5.95 12.89 1.50 19.00 4.76 0.30 0.01 0.66 0.19 
6 17 27.60 14.61 41.91 7.19 17.37 7.00 24.00 5.23 0.26 0.04 0.62 0.15 
8 11 40.42 10.92 71.63 20.49 12.16 5.25 18.50 4.61 0.79 0.02 2.80 0.85 
9 8 48.72 41.91 58.42 6.42 14.81 11.50 18.00 2.33 0.83 0.45 1.26 0.31 
10 11 33.17 21.84 66.04 13.55 11.71 5.30 21.00 4.59 0.42 0.07 1.85 0.54 
11 9 35.43 22.86 52.32 11.33 11.64 5.00 20.50 5.84 0.58 0.07 1.68 0.56 
12 13 42.91 24.38 76.84 16.60 15.09 7.50 23.50 4.83 0.87 0.14 3.13 0.84 
13 8 43.50 8.89 88.90 25.25 17.41 8.00 24.00 5.59 1.15 0.02 3.77 1.21 
14 13 39.03 22.86 57.15 10.54 17.46 14.00 23.00 2.50 0.95 0.32 1.87 0.57 
15 19 42.30 10.16 60.96 11.46 19.91 10.00 24.00 3.59 1.29 0.04 2.60 0.63 
16 20 24.98 14.73 41.66 7.61 10.28 2.50 15.25 3.24 0.24 0.02 0.80 0.21 
17 15 17.70 12.19 26.42 3.18 9.94 6.50 13.75 2.30 0.12 0.03 0.32 0.07 
18 37 14.70 8.64 25.40 4.15 8.31 3.80 15.00 3.50 0.07 0.01 0.25 0.06 
19 28 13.24 6.10 31.75 5.91 9.41 3.00 21.00 4.32 0.07 0.00 0.34 0.08 
20 20 29.13 21.34 39.62 5.38 17.90 12.10 22.20 2.35 0.30 0.12 0.52 0.12 
21 2 36.20 32.77 39.62 4.85 16.50 12.00 21.00 6.36 0.93 0.53 1.32 0.56 
22 11 29.94 21.59 38.35 5.31 17.07 4.50 21.75 4.62 0.34 0.06 0.75 0.19 
23 8 35.80 27.43 45.72 5.54 17.24 13.00 22.50 3.08 0.95 0.40 1.87 0.47 
24 1 11.00 11.00 11.00 . 4.00 4.00 4.00 . 0.01 0.01 0.01 . 
25 15 35.86 20.32 50.80 9.72 17.03 10.00 25.00 4.68 0.68 0.09 1.53 0.47 
26 21 26.91 12.95 38.86 7.76 12.60 4.50 27.00 6.37 0.38 0.02 1.63 0.42 
27 16 20.94 14.22 32.26 5.31 9.10 6.00 11.90 1.62 0.12 0.04 0.30 0.08 
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28 25 24.93 14.73 40.64 7.46 14.39 7.00 22.00 3.64 0.24 0.06 0.61 0.15 
29 22 25.64 14.99 40.64 7.41 15.20 8.80 21.00 3.55 0.37 0.06 1.07 0.28 
30 47 18.27 9.14 37.34 5.51 8.36 2.00 14.00 2.62 0.07 0.00 0.30 0.06 
31 22 18.18 10.41 23.11 3.74 8.63 5.00 12.30 2.20 0.08 0.02 0.13 0.03 
32 14 16.72 9.91 25.91 4.52 6.37 3.50 8.50 1.65 0.05 0.01 0.17 0.04 
33 12 19.96 9.91 40.89 8.94 9.54 4.00 16.50 3.91 0.17 0.01 0.57 0.18 
34 15 19.13 6.60 33.53 9.21 8.87 3.50 16.50 3.72 0.15 0.01 0.54 0.17 
35 9 19.76 7.62 33.02 8.78 8.28 2.00 13.50 4.29 0.12 0.00 0.30 0.12 
36 8 38.93 8.38 66.04 23.98 10.46 5.00 17.00 4.30 0.76 0.01 1.93 0.74 
37 21 118.81 41.91 190.50 58.60 12.37 6.10 21.50 5.59 3.33 0.71 7.55 2.08 
38 7 109.13 66.04 147.32 31.53 18.79 7.90 31.00 9.11 8.18 1.78 17.53 6.37 
39 7 60.05 6.35 175.26 66.10 7.86 2.70 15.00 6.03 2.98 0.00 13.00 5.11 
40 12 26.61 10.67 48.26 11.12 13.22 7.20 25.00 4.85 0.43 0.03 1.77 0.50 
41 14 55.75 22.10 119.38 30.55 11.60 6.00 19.00 4.00 1.27    
42 6 66.97 29.21 121.92 40.74 14.57 7.50 28.00 10.03 2.54 0.16 5.69 2.35 
43 10 37.72 24.89 68.58 13.77 15.10 7.90 26.00 5.07 0.99 0.19 4.30 1.23 
44 12 39.48 20.32 55.88 12.55 17.23 9.00 24.00 4.87 1.06 0.10 2.40 0.81 
45 10 34.24 13.21 64.77 19.83 17.38 11.20 23.00 3.42 0.67 0.13 2.13 0.74 
46 14 39.39 20.07 66.04 13.35 11.57 6.30 18.00 4.08 0.56 0.10 2.17 0.58 
47 6 51.31 27.94 88.90 22.87 16.67 6.10 27.20 6.69 1.58 0.10 4.26 1.53 
48 8 61.85 15.24 106.68 33.47 19.19 8.50 28.00 5.87 2.10 0.07 5.38 1.84 
49 8 32.77 15.24 43.18 10.06 14.90 4.00 24.00 5.95 0.48 0.03 1.09 0.35 
50 12 38.21 10.67 88.90 20.87 11.53 3.00 26.00 7.84 1.00 0.01 6.39 1.79 
51 11 37.98 7.62 66.04 17.18 15.77 3.00 22.00 5.11 0.60 0.00 1.58 0.49 
52 27 16.38 7.62 25.91 4.31 7.97 3.50 11.50 2.21 0.08 0.01 0.25 0.06 
53 39 11.20 6.35 17.02 2.76 5.48 3.00 11.00 1.59 0.03 0.00 0.09 0.02 
54 39 11.42 6.60 18.03 2.33 5.46 2.00 10.10 1.63 0.03 0.00 0.11 0.02 
55 16 25.62 12.19 38.35 7.96 11.22 5.10 15.20 3.07 0.18 0.02 0.42 0.11 
56 10 24.13 2.54 40.64 13.24 7.68 2.00 12.60 3.95 0.15 0.00 0.35 0.13 
57 5 20.83 7.62 33.02 9.74 7.80 2.00 12.00 3.72 0.10 0.00 0.25  
58 9 44.85 20.83 58.42 12.05 10.73 7.00 13.20 2.32 0.53 0.09 0.88 0.26 
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59 27 16.55 8.89 26.16 5.11 8.37 4.20 13.50 2.64 0.10 0.02 0.30 0.09 
60 21 30.15 15.75 48.26 7.34 18.64 11.30 23.90 3.28 0.72 0.11 1.69 0.39 
61 26 29.17 16.51 44.96 5.97 16.01 5.50 26.00 4.21 0.36 0.07 0.70 0.16 
62 8 29.91 16.26 55.88 13.59 7.31 3.50 11.50 3.19 0.38 0.02 1.70 0.58 
63 21 25.93 8.64 49.53 12.26 12.03 5.10 18.00 4.12 0.34 0.01 1.11 0.35 
64 32 32.32 23.37 48.26 5.32 18.45 14.00 23.00 2.39 0.38 0.13 1.05 0.18 
65 9 15.04 10.67 23.62 4.62 9.44 4.10 16.00 3.47 0.11 0.03 0.37 0.11 
66 19 18.62 9.91 55.88 10.30 11.72 5.50 19.00 3.16 0.14 0.02 1.21 0.26 
67 19 17.27 10.16 31.50 6.97 10.09 3.00 16.00 3.42 0.09 0.01 0.44 0.11 
68 22 16.72 9.14 39.37 7.33 8.47 3.00 14.00 2.68 0.09 0.01 0.34 0.10 
69 23 19.44 10.67 35.31 7.26 10.12 3.50 16.00 3.71 0.12 0.02 0.41 0.11 
70 22 20.40 12.45 45.72 9.20 12.10 7.40 21.50 4.06 0.25 0.03 1.34 0.35 
71 23 22.77 13.97 45.21 7.02 12.80 5.40 21.00 3.99 0.20 0.06 0.88 0.19 
72 11 28.52 7.62 48.26 12.07 9.51 2.00 12.00 3.07 0.38 0.00 1.33 0.44 
73 12 26.33 2.54 43.18 13.35 8.43 2.00 16.30 4.31 0.27 0.00 0.68 0.23 
74 11 42.49 27.94 63.50 11.19 14.14 11.60 17.00 1.89 1.09 0.27 2.89 0.90 
75 11 25.31 2.54 40.64 13.31 7.53 2.00 12.60 3.68 0.24 0.00 0.88 0.27 
76 28 24.62 8.50 72.50 13.53 10.57 4.80 16.80 3.92 0.31 0.01 2.01 0.41 
77 32 23.13 10.16 45.72 8.53 11.00 3.80 18.00 4.66 0.25 0.01 1.03 0.24 
78 19 17.61 3.81 29.50 7.38 5.08 2.50 9.00 1.93 0.08 0.00 0.24 0.07 
79 19 20.80 12.70 30.48 5.08 9.62 6.40 16.00 2.70 0.14 0.04 0.32 0.08 
80 28 23.11 10.00 114.00 24.83 6.99 2.30 19.00 3.80 0.36 0.01 4.37 1.10 
81 28 18.73 11.60 24.50 3.74 7.58 5.00 10.00 1.34 0.10 0.02 0.17 0.04 
82 31 18.95 10.00 46.20 6.93 10.09 5.00 16.00 2.90 0.18 0.02 0.84 0.17 
83 40 16.45 10.41 43.18 5.61 9.78 6.00 14.00 2.55 0.08 0.01 0.34 0.08 
84 39 16.33 4.50 26.00 4.80 8.37 5.00 13.50 2.49 0.09 0.00 0.22 0.06 
85 33 18.61 9.00 34.29 5.75 7.74 5.00 10.50 1.41 0.11 0.02 0.26 0.07 
86 42 18.02 10.41 25.00 3.83 9.53 2.50 14.00 2.44 0.13 0.02 0.36 0.07 
87 37 27.91 15.00 43.18 7.92 11.16 5.50 15.00 2.64 0.39 0.06 1.07 0.26 
88 33 19.80 10.00 30.00 4.86 9.01 5.00 13.00 1.98 0.13 0.02 0.36 0.08 
89 36 22.68 11.43 55.88 8.98 10.00 4.50 15.50 2.53 0.16 0.03 0.84 0.15 
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90 31 17.43 8.38 32.00 5.49 8.09 3.70 11.00 1.66 0.10 0.02 0.27 0.07 
91 36 18.87 11.00 34.54 5.37 8.84 1.00 13.50 2.27 0.11 0.02 0.34 0.07 
92 18 26.87 6.70 115.00 25.91 8.82 4.00 19.00 3.89 0.45 0.01 4.96 1.19 
93 46 19.81 13.97 27.00 3.21 11.03 6.00 17.00 2.86 0.12 0.02 0.31 0.08 
94 5 29.58 27.18 33.50 2.45 17.50 16.00 18.50 1.00 0.60 0.53 0.69 0.07 
95 4 18.50 13.00 23.00 4.20 11.63 8.50 15.00 3.35 0.15 0.05 0.24 0.09 
96 11 29.91 22.00 42.00 6.22 12.65 9.00 15.60 1.72 0.32 0.12 0.72 0.17 
97 35 22.65 11.18 41.15 7.20 14.96 3.50 38.00 7.14 0.42 0.03 2.52 0.52 
98 16 20.87 15.00 28.40 3.59 9.56 5.00 12.00 1.72 0.15 0.05 0.30 0.06 
99 28 21.39 12.19 30.50 4.32 10.10 4.50 14.00 3.06 0.22 0.03 0.49 0.12 
100 41 31.39 20.00 41.00 5.38 13.93 6.00 16.00 1.64 0.37 0.14 0.64 0.13 
101 28 33.49 21.08 47.00 6.20 15.62 10.00 20.00 2.37 0.48 0.15 0.93 0.20 
102 29 30.82 20.83 41.00 5.09 10.23 5.00 13.00 2.16 0.27 0.09 0.47 0.11 
103 40 30.56 19.40 41.00 4.35 13.15 5.00 110.00 15.87 0.33 0.08 2.38 0.35 
104 25 24.21 16.00 32.00 4.81 10.15 5.00 15.00 3.10 0.18 0.05 0.41 0.11 
105 43 13.81 9.40 18.03 2.10 8.66 3.00 13.20 3.08 0.06 0.02 0.15 0.03 
106 36 19.89 12.50 34.29 6.09 13.82 8.00 21.00 3.01 0.25 0.06 0.87 0.21 
107 36 17.03 10.41 30.73 5.20 9.44 1.00 14.00 3.28 0.13 0.02 0.52 0.12 
108 43 18.05 11.43 36.00 4.39 10.67 5.00 16.00 2.30 0.13 0.03 0.47 0.08 
109 56 18.77 10.67 37.85 5.98 15.16 2.80 28.00 5.66 0.23 0.02 1.58 0.27 
110 15 54.27 41.28 67.40 9.03 20.13 10.50 29.20 5.87 1.31 0.44 2.66 0.70 
111 46 23.59 4.70 65.50 13.15 14.61 5.00 26.50 6.23 0.40 0.00 1.82 0.44 
112 45 16.46 10.50 24.10 4.13 9.77 1.50 14.00 2.83 0.10 0.01 0.24 0.06 
113 41 21.34 4.00 33.50 6.11 11.22 3.80 22.00 4.12 0.20 0.00 0.53 0.14 
114 37 14.70 6.50 39.50 5.93 5.59 2.00 16.00 2.82 0.05 0.00 0.35 0.07 
115 38 12.96 10.00 17.78 1.89 9.17 3.20 12.50 2.27 0.05 0.02 0.12 0.02 
116 32 29.13 18.00 41.00 4.64 13.25 11.00 16.50 1.28 0.31 0.11 0.56 0.10 
117 23 31.24 11.81 45.72 8.47 17.40 4.00 26.00 6.98 0.67 0.04 1.75 0.47 
118 24 29.71 12.50 73.66 14.81 15.50 4.50 34.00 8.91 0.70 0.02 4.90 1.14 
119 28 30.46 11.00 43.50 8.93 17.69 5.50 32.00 6.38 0.45 0.02 1.00 0.29 
120 32 27.14 15.24 73.66 11.07 14.29 5.30 23.00 5.23 0.43 0.05 2.42 0.47 
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121 20 47.62 15.00 111.76 28.04 11.87 1.50 20.00 5.35 1.35 0.03 6.98 1.85 
122 38 28.99 8.50 116.84 18.63 14.80 1.50 24.00 5.95 0.64 0.00 7.61 1.25 
123 34 19.53 5.08 60.00 11.16 8.82 1.50 23.00 5.43 0.20 0.00 1.52 0.34 
124 51 20.63 13.97 30.00 4.75 14.31 9.00 20.00 2.32 0.23 0.06 0.56 0.13 
 
